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Abstract

In this thesis we explore opportunities that are given to us with Remote
Sensing data collected by satellites and their processing using Machine
Learning. Satellites provide unprecedented quantity of data, repeated
and uniform observations of Earth and other planetary surfaces and they
allow for detection of many events of interest. Some of these events are
closely tied with one of the key challenges of this generation, Climate

Change.

However, the current systems on most devices in communication con-
strained environments (such as satellites) do not rely on on-board process-
ing of the observed data and operate only in passive modes. They need to
be manually scheduled, and the data needs to be manually processed by
experts on the ground. Furthermore, the quantity of the observed data
is often larger than the communication capabilities and the downlinked
data is limited. As a result, events of potential interest are often lost or
detected late. The uplink constrains are even more severe, making this
an interesting asymmetrical scenario that could be addressed with model

adaptation on-board.

The central topic of this thesis is the question of how to enable smart on-
board processing of data to allow for autonomous decision making. We

present three works where we explore this challenge.

In our first project, we successfully deploy a change detection machine
learning model on-board of a real satellite and we test it in space. Our
encoder-decoder model enables data compression into latent vectors, multi-
temporal comparisons between observed images and allows training on-

board of the satellite as an experimental proxy for adaptation.

In our second project, we focus on processing data from a variety of sensors
for the task of automated methane leak detection. We build benchmark
datasets of hyperspectral data and explore classically used methods which

we improve with trained models.



Finally, in our last project, we design novel machine learning architec-
tures aiming at deployment of automated general detectors on-board of
hyperspectral satellites. We show that imaging spectroscopy data requires
specific adaptations of machine learning architectures to prevent informa-
tional and computational bottlenecks. We demonstrate the efficacy of
our models on two example tasks, further improving methane detection
and exploring mineral identification from space. We measure the infer-
ence speeds of our models on low-compute hardware which was previously

tested in harsh space environments.



Contents

[List of Figures| A
[List_of Tables| ix
I FAD] tions i
[1__Introductionl 1
(LI OVervIeWl. . . . . v v v o e e 1
(1.2 Challenges and Motivations| . . . . . ... ... ... ... ...... 3
1.3 Research Questions| . . . . . . ... .. ... ... ... ........ 6
(1.4 Research Contributions and Overviewl. . . . . . . . . .. .. ... .. 8
.................................. 11
[1.5.1 Core publications| . . . . . . .. .. ... ... ... ... .. 11

[.5.2 Mediareleases|. . . . . ... ... oL 13

[1.5.3  Other co-authored publications| . . . . .. .. ... ... ... 13

[1.5.4 Datasets and public resources| . . . . . . . .. .. ... .... 15

2 Background Literature| 16
1 Overviewl. . . . . . . . . . e 16
[2.2 Primer on Remote Sensing| . . . . . .. ... ... ... ... .. 16
R2T1 Tnstruments . . . ... ... ... 17

[2.2.2  Levels of processing] . . . . . . ... ... ... ... ... ... 20

[2.2.3  Data portals, datasets| . . . . . ... ... ... ... ... 20

[2.3  Primer on Machine Learning| . . . . . .. .. .. ... ... .. ... . 22
[2.3.1 Task descriptions| . . . . . . .. ... 23

[2.3.2  Training . . . . . . . ... 24

2.3.3  Model architectures . . . . . . . . ... oo 26

2.4  Primer on Methane Detectionl . . . . . . . . . ... ... ... ... 27
4.1 Motivation|. . . . . . . . ..o 27

[2.4.2  Methane visibility and sensor considerations| . . . . . . . . .. 30

[2.4.3  Methane detection pipelinel. . . . . . .. .. ... ... ... 31

.44 Classical methods . . . . .. ... ... ... ... 33



[2.4.5 Deep learning approaches| . . . . . ... ... ... ... ... 34

[2.5 Machine Learning for Remote Sensing|. . . . . . ... ... ... ... 36
[2.5.1 Example models used with Remote Sensing datal. . . . . . . . 37
[2.5.2  Model adaptations for Remote Sensing data| . . . . . . . . .. 38

[2.6  Systems in compute constrained environments| . . . . . . ... .. .. 39
[2.6.1 Autonomy on-board| . . . . . ... ... ... ... ... 39

[2.7  Efficient machine learningl . . . . . . .. ..o 43
[2.7.1 Machine learning techniques| . . . . . . . ... ... ... ... 44

[2.8  Definitions of ethciency| . . . . . . . .. ... ... 45

2.9 Summary| . .. ... 47

[3 Change Detection on Satellites| 49

3.1 Introduction| . . . . . . . . ..o 49

[3.2  Background . . . ... ... oo o1
B21 Priormethods. . . . ... ... ... .. . 51
[3.2.2  Challenges and opportunities| . . . ... ... ... ... ... 54

3.3 Method . . ... .. 54

BZ Datal . . ... .. 55
B.4.1 TInstrumentl . . . ... ... .. ... ... .. 55
.42 Datasets . . . . ... ... 55
[3.4.3  Pre-processing|. . . . . . ... ... Lo Y

BAE Modeld . . . . . . o 57
[3.5.1  Task formalisationl . . . . . .. ... ... L. 57
3.5.2 Baselines|. . . . . . ... 58
.03 RaVAEn models . . . ... ... .. o0 60
[3.5.4 Model adaptations through training on-board| . . . . . . . .. 61

[3.6  Experimental Setup|. . . . . ... ... Lo 62
3.6.1 Deviced . .. ... .. . 63

BT Resultd. . . . ... 63
[3.7.1 Change detection on disaster events| . . . . . . . . .. ... .. 63
B.7.2 Tnference times . . . . . . . . ... ... 65
[3.7.3  Latent space and compression| . . . . . . ... ... ... ... 67
[3.7.4  Training on-board|. . . . . . . ... ..o 68

B.8 Discussionl . . . . . . ... 69

[3.9 Summary| . . ... 70

i



4.1 Introduction| . . . . . . . . ..o 73
(4.2 Background . . .. .. ... oo 76
M21 Priormethods. . . ... ... ... ... 76
[4.2.2  Challenges and opportunities| . . . .. . ... ... ... ... 7

4.3 Methodl . . . . ... 7
O . 7 78
[4.4.1  Hyperspectral dataset STARCOP| . . . . ... ... ... ... 78
[4.4.2  Multispectral views of the data| . . . . . ... ... ... ... 81
443 Datafrom EMIT sensorl . . . . . ... ... ... .. ... .. 81

4.5 Models . . . . o 82
[4.5.1  Feature extraction from multispectral data] . . . . . . . . . .. 83
[4.5.2  Feature extraction from hyperspectral datal. . . . . . . .. .. 84
[4.5.3  Machine learning models| . . . . . . ... ..o 86

4.6 Experimental Setup|. . . . . . . ... o oo 87
BT Resultd. . . . . . oo 89
[4.7.1 Performance on multispectral data] . . . . ... ... ... .. 89
[4.7.2  Performance on hyperspectral data] . . . . . ... .. ... .. 91
[4.7.3  Zero-shot generalisation on EMI'T| . . . . . ... ... ... .. 92

M8 Discussion] . . . . . . . . o 93
[4.9 Summaryl . . ... 94
EUn D on T Satcllites 97
[b.1  Introductionl . . . . . . . ... 97
[>.2  Background . . .. ... ..o oo 100
H.2.1  Domainl . . . . . . . . 100
.22 Datasets . . . . . .. .. 102
Hh.2.2.1 Methane leak datasets . . . . .. ... ... ... .. 103

H.2.2.2 Mineral datasets . . . .. ... ... 104

[>.2.3  Machine learning models| . . . . . . ... ... 104
[5.2.4  On-board processing| . . . . . . . . . .. ... ... ...... 105
[5.2.5 Challenges and opportunities, . . . . .. ... ... ... ... 106

h.3  Methodl . . . . . . 106
BAd Dafal . . . . .o 107
[.4.1 Mineral maps| . . . . . . ... 107
Hh.4.2  Methane leaks . . . . . . . ... 109

il



Hh422 Realevents . . .. ... ... ..., 111

H43  Datasets . . . . . . . ..o 112

B Modeld . . . . . . 114
[>.5.1 Baseline approaches|. . . . . . . ... ... 115
[5.5.2  Deep machine learning| . . . . . .. .. ... ... ... ... 116
.03  Current limitations . . . . . . . . ... ..o 117
[5.5.4 Model adaptations| . . . ... ... ... ... .. ... ... 119

[>.6  Experimental Setup|. . . . . . ... ... oL o 120
BT Taskd. . . . ..o oo 120
[5.6.2  Hyperparameters . . . . . . .. ... . ... ... ... ... 121
b.0.3 Devices . . ... .. 123

BT Resultd. . . . . .. 124
b1 Methane detection on EMITI. . . ... .. ... o000 L. 124
b.7.2  Methane detection on AVIRIS-NGl . . . ... ... ... ... 130
H.7.3  Mineral identificationl . . . . . . . .. ..o 0oL 130
b74  Tnference timed . . . . . . . ..o 131

.8 Discussionl . . . . . ..o 133
H.8.1 Methane detectionl . . . . .. .. ... ... 0oL 134
H.8.2  Mineral identificationl . . . . . . . .. ... oo L 136
[>.8.3  On-board deployment|. . . . . . .. ... ... ... .. .... 136

[5.9 Summary] . . ... 138
6__Conclusions| 143
0.1  Discussionl . . . . . . ..o 143
[6.1.1 Change detection on-board (Q1)[. . . . . . . . ... ... ... 144
[6.1.2  Methane detection in hyperspectral data (Q2)| . . . . . . . .. 144
(6.1.3  Universal detectors (Q3) . . . . . . ... ... ... ... ... 145

6.2 Future Workl. . . . . . . oo o 146
[6.2.1  Deploying machine learning models| . . . . . .. ... ... .. 149
(Bibliography| 153

v



List of Figures

(1.1  High-level illustration of on-board processing with machine learning
models for increased autonomy.| . . . . .. ..o 1
(1.2  Example task with a change detection model.| . . . . . . ... .. .. 4
[1.3  Current state of methane detection depends on manual interpretation |
of the downlinked data by trained experts.| . . . . . . ... ... ... )
(1.4 Universal detection satellite equipped with general sensing capabilities| 6
[2.1 Simplified illustration of light passing through the Earth’s atmosphere.| 17
[2.2  Visualisation of the electromagnetic spectrum. | . . . . . . ... . .. 18
[2.3  Simplified abstraction of machine learning model training and inference
schema. | . . . . . . . . 22
(2.4 Illustration of the estimated temperature by the end of the century |
depending on different reductions ot greenhouse gasses.| . . . . . . .. 28
[2.5 Illustration of the presence of methane signal in comparison with the |
bands available in commonly used satellites.| . . . . .. ... ... .. 30
[2.6  Outline of hypothetical methane detection pipeline showing the indi- |
vidual steps and their formalisation as machine learning tasks.| . . . . 32
[3.1 Illustration of the change detection task on-board of satellite|. . . . . 50
(3.2 Photos of the D-Orbit satellites) . . . . . .. ... ... ... ... .. 51
[3.3 Hlustration of the traditional processing pipelines and the difference |
that on-board processing could enable| . . . . . . ... ... ... .. 52
[3.4 Illustration of the proposed RaVAEn system.. . . . . .. ... .. .. 55
[3.5 Locations used for training and validation images.| . . . . . . . . . .. 56
[3.6  Diagram of the RaVAEn system detailing the training and inference |
steps.|. . ... 59
[3.7  Timing of the model for tasks of change detection and few-shot learning |
on-board of satellites.) . . . . . . ... ... ... L. 62
[3.8  Comparison of changes detected using the baseline and the large VAE |
model on examples of flooding and fire disaster events.| . . . . . . .. 64




vi

[3.9  Timed model inferences, using the RaVAEn encoder network with dif- |
| ferent devices available available on the satellite] . . . . . . . .. . .. 66
[3.10 Detailed view into the individual batches used in the RaVAEn encoder, |
showing delays in the CPU regime.| . . . . . . .. ... ... .. ... 67
B.11 UMAP visualisation of encoded tiles from a flooded scenel . . . . . . 67
[3.12 Training a classification model on top of the encoder network.] . . . . 68
[3.13 Predictions of the on-board trained model and visualisation of samples |
from the training dataset.| . . . . . . . ... ... .. ... ... ... 69

[3.14 Example data containing two types of changes.. . . . . . . .. .. .. 71
4.1 Predictions of the STARCOP models on example plume event from |
the AVIRIS-NG datal. . . . . ... ... ... . ... ... ... ... 74

[4.2 Illustration of the automated methane detection using machine learn- |
ing models and the unification of processing pipelines used with differ- |

ent sensorsl . . ... 75

4.3 Examples of the AVIRIS-NG data captures.| . . . . ... ... .. .. 78
4.4 Showing the [imitations of the available annotation in the original labels.| 79
4.5  Hyperspectral dataset made from the AVIRIS-NG sensor.|. . . . . . . 80
[4.6  Visualisation of band ratios used to highlight methane plume.| 84
4.7  'The proposed HyperSTARCOP and MultiSTARCOP machine learning |
models] . . ... 86

4.8 Showing the qualitative results of our models evaluated on strong and |
weak plume samples and on confounders.|. . . . . ... ... ... .. 90

4.9  Results on example plume and confounder samples from the EMIT |
dataset) . . . . . . . 92

[>.1 Illustration of unifying processing pipelines for different downstream |
tasks with general machine learning models.| . . . . . . . ... .. .. 98

[5.2  Aggregation of mineral components into mineral classes.| . . . . . .. 108
[>.3 Illustration of the new bi-temporal dataset with near-global coverage.| 111
[>.4  Locations of tiles used to create the OxHyper datasets of EMI'T data.| 113
(5.5 Comparison of the Spectral Angle Mapper (SAM) and Tetracorder |
methods over one example scene.| . . . . ... ... 116

[>.6  Illustration ot the l[imitations ot previous approaches and our proposed |
Hyperspectral ViT's, adapted Transtormer based architectures.| 118

[5.7 Illustration of the Hyper SegFkormer model for semantic segmentation |
of methane plumes in Hyperspectral data.| . . . . . ... ... .. .. 119



[>.8  Qualitative results on the OxHyperSyntheticCH4 dataset of synthetic

methane leak events. . . . . . . . ... ... 125

[5.9 Quantitative results on the OxHyperReal CH4 dataset.| . . . . . . .. 128
[5.10 Qualitative results on the OxHyperRealCH4 dataset of real methane |
leak events.| . . . . . . . 129

[5.11 Qualitative results comparing our new models on the benchmark STAR- |
COP dataset. . . . . . . . . .. 131

[5.12 Qualitative results comparing our new models on the mineral dataset |
OxHyperMinerals showing our proposed Hyper SegFormer model vari- |
T ants] - o o o 133
[5.13 Detailed timings of different methods for processing a full granule of |
EMIT datal . . ... ... . 134

[5.14 Illustration of the methane detection system deployed either on-board

of the satellite, or with an on-ground element and the potential gained

speed-ups in detections in contrast with the current traditional pipelines.[139

[6.1  Visualisation of the uncertainty estimation method used with an en-

| semble of trained models). . . . . .. ... 00000 147
[6.2  Proposal of pre-training Foundation models on general tasks such as |
fine-grained mineral identification and later using them for other spe- |
afctask] . ... oo 148

[6.3  United Nations PlumeViewer application using the HyperSTARCOP |
modell . . .. 150

vil



viil



List of Tables

X

[I.1 Released datasets with links to publicly accessible data.|. . . . . . .. 15
[2.1  Example current and tuture multispectral and hyperspectral sensors.| 19
[2.2  Example remote sensing datasets.| . . . . . . ... .. ... 21
2.3  Types of example machine learning tasks with a typical remote sensing |
data sample on the input.| . . . .. ... ... ... 0. 23

[2.4  Selected machine learning models used to detect methane in multispec- |
traldata. | . . . . . .. 35

[2.5  Selected machine learning models used to detect methane in hyper- |
spectral data.| . . . . . . ... o 35

[2.6  Example missions in Space with autonomy on-board of limited com- |
pute hardware.| . . . . . . . . ... 40

[2.7  Commercial off-the-shelt devices with hardware specifications.| 41
3.1 The RaV/An dataset statistics. . . . . . . . . ... ... ... ... 56
[3.2  Ditterences in the architecture tor difterent proposed model sizes.|. . . 60
3.3 _AUPRC for baseline and VAE methods with time window £=1J. . . 64
[3.4  AUPRC for the best performing metrics with and without extended |
history.|. . . . . . .. 65

B.5 AUPRC for models with different latent sizes) . . . . . ... ... .. 65
[3.6 AUPRC and timings for different sizes of model.|. . . . . . . . .. .. 66
4.1 Distribution of the tiles stratified by emission rate into train and test |
< 80
4.2 Results of the MultiSTARCOP models on the test set.] . . . ... .. 91
4.3  Results of the HyperSTARCOP models on the test set.| . . . . . . .. 91
4.4 Results of the hyperspectral models on EMIT. . . . .. ... ... .. 93
[>.1  Overview of the OxHyper datasets created in this chapter.| . . . . . . 112
[5.2  Quantitative results on the OxHyperSyntheticCH4 dataset.. . . . . . 126
[>.3  Ablation study of the HyperSegFormer architectures on the OxHyper- |
SyntheticCH4 dataset.| . . . . . . .. .. ... .. ... .. .. .... 127



[>.4 Ablation study of the HyperEfficientViT architectures on the OxHy- |

perSyntheticCH4 dataset.| . . . . . . . ... .. ... .. ... .... 127
[5.5  Quantitative results on the benchmark STARCOP dataset.| . . . . . . 130
[>.6  Quantitative results on the mineral dataset OxHyperMinerals.| . . . . 132
[>.7  Timing of models on different devices.| . . . .. ... ... ... ... 132




List of Abbreviations

Al Artificial intelligence
AUPRC ... .. Area under the precision recall curve

AVIRIS-NG . Airborne Visible InfraRed Imaging Spectrometer - Next Generation

BCE Binary cross-entropy
BOA Bottom of atmosphere
C&DH o Command and data handling
CHIME ......... Copernicus Hyperspectral Imaging Mission for the Environment
CININ Convolutional neural network
COT S Commercial off-the-shelf
GV Computer vision
CV A Change vector analysis
DAG Directed acyclic graph
EMIT ... ... ... Earth Surface Mineral Dust Source Investigation
E S A European Space Agency
FCNN Fully convolutional neural network
FPGA Field programmable gate array
GAN Generative adversarial network
GHG Greenhouse gas
GPU Graphics processing unit
HPC .. High performance computing
HST Hyperspectral instrument
IID . Independent and identically distributed

x1



IME Integrated mass enhancement

ION SCV InOrbit Now Satellite Carrier Vehicle
Lo Internet of things
ToU Intersection over union
IPCC ... Intergovernmental Panel on Climate Change
TR Infrared
1SS International Space Station
LE S Large eddy simulation
LS M Long short term memory
M AE Mean absolute error
M Matched filter
ML Machine learning
MLR Multiple linear regression
M S E Mean squared error
M ST Multispectral instrument
NASA .. National Aeronautics and Space Administration
NDVI .. Normalized difference vegetation index
NDWI Normalized difference water index
NI R Near infrared
PCA Principal component analysis
R Random Forest
RGB Red green blue
RININ Recurrent neural network
RS Remote sensing

x1i



S/M/L WIR .....................o..... Short/Middle/Long wavelength infrared

SRE Spectral response function
SV M Support vector machine
SWaP Size, weight and power
T O A Top of atmosphere
U AV Unmanned aerial vehicle
VAE Variational autoencoder
VO Visual odometry
VP U Vision processing unit
VSWIR ... Visible to short wavelength infrared

xiil



Xiv



Introduction

1.1 Overview

This thesis focuses on processing Remote Sensing data with Machine Learning mod-
els in tasks connected to areas such as humanitarian aid and climate change related
processes. More concretely it focuses on challenges and opportunities arising from
the deployment of Machine Learning models on-board of devices to increase the au-
tonomy in communication constrained environments, such as satellites, or robots on
other planetary bodies. Examples of autonomous behaviour enabled by on-board
machine learning models is illustrated on Figure [I.1] The proposed models also aim
to address and leverage sensor-specific properties of the data, most importantly the
high spectral dimensionality of the captured images - in extreme scenarios working
with hyperspectral sensors.

Aiming at on-board deployment of the used machine learning models requires con-

siderations for the efficiency of the used models, as the compute of these devices is

full data stream

. o Prioritize and ~ Update internal Send
S?nsorl 111\1[{?r1110(11 ' compress data  representation alerts communication
on-poarc viL, mode
V- ™~ T 7 bottleneck
\ D] — % ———> Autonomous decision-making
e N
Schedule Communication base station
Priority  Transient Novel follow-up observations inside constellation
events events events
Satellite

instrument(s)

Figure 1.1: High-level illustration of on-board processing with machine learning mod-
els for increased autonomy on satellites.



typically quite low [Meoni et al., [2024]. Tt is therefore important to test these mod-
els on reasonably representative compute environments that serve as proxies for the
deployed devices. On-board deployment however enables several crucial capabilities
of autonomous behaviour. An early detection of an event can trigger an alert that
can save lives (for example detecting wildfires in remote locations before they spread,
or fast delineation of flooded areas). Such alert can also use priority channels, as it
wouldn’t need to send large quantities of data. Also, in cases of satellite and other
deep space missions, the uplink is even more limited than the downlink. It is therefore
of interest to also explore adaptability of the pre-deployed models to newly observed
data.

This thesis focuses mostly on the domain of remote sensing data, as it allows
for homogeneous observations of the whole world and gives vision into areas that
are otherwise hard to access by humans. It however requires adaptation of machine
learning models typically used in computer vision for a new domain.

We further focus on one type of remote sensing data, that is hyperspectral data,
which has much larger footprint and the requirements for downlinked data is also
larger. Typical classical methods also process these large data volumes slowly, which
is potentially a limiting factor for on-board deployment. Additionally, there aren’t
many large, annotated datasets of high-resolution hyperspectral data, which serve
as benchmarks for training machine learning models. Hyperspectral data is needed
to detect events that typically don’t appear in spectral ranges used in multispectral
sensors, or in cases where these events get collated with other types of background
features.

One such example is the detection of the presence of methane gas in captured
images [Sanchez-Garcia et al., [2022]. Super-emitter methane leak events can be de-
tected even with multispectral sensors, however smaller methane leaks and accurate
delineation of plumes, which is needed to quantify the size of the leak, can only be
detected in hyperspectral data. Additionally, the range of types of events that can
be detected and also differentiated in hyperspectral data is much larger than in cases
of other sensors - taking a maximalist approach, one could conceive a general satel-
lite which would be capable of detecting all types of materials inside the observed
data and which could decompose these detections into individual chemical compo-
nents directly from Space using general machine learning models. Such capabilities
would be of interest in many applied scenarios. Examples listed by [Cawse-Nicholson
et al, 2021; Rast et al., 2021] include detection of target trace gases, precise types

and health of plants from space or the detections of surface mineral types and their



grain sizes. Furthemore, NASA’s Decadal survey [NASEM, [2019] states that for ex-
ample for identification and quantification of chemical components in plant canopies,
imaging spectrometers (hyperspectral sensors) are the only suitable technology.

In combination, exploring machine learning models adapted to specifically work
with hyperspectral data which would also be deployable on-board of satellites, would
allow for quite significant reduction of the downlinked and stored data. Autonomy
inside a constellation of satellites with different sensing capabilities would also al-
low for improved detections by autonomously scheduling follow-up measurements of
specialised satellites after a tip-off signal from an initial weak detection made by a

general satellite.

1.2 Challenges and Motivations

Here we outline a list of challenges encountered with the current state of technology of
satellites and their sensors and the current state-of-the-art machine learning models.
We explore recent innovations and present motivation for the research conducted in
this thesis.

Outside of specialised cases and recent demonstrator missions, satellites observe
the Earth using traditional non-reactive processing pipelines [Furano et al., 2020].
This leads to slow reaction times relying on on-the-ground data processing even in
critical cases related to humanitarian assistance, disaster response and high prior-
ity targets connected to Climate Change. On-the-ground processing pipelines can
take up to few days for detection after the potential event of interest was observed.
Additionally, many sensors operate in an on-demand mode and capture data only
after manual scheduling of acquisitions, which prevents the discovery of new events
at unexpected locations. With systems running on-board of the satellites, the initial
detection could lead to intelligent decision-making and could trigger an array of po-
tential follow-up actions. These detections could trigger alert signals within minutes
after the observation leading to a more responsive and reactive system. This could
enable event discovery and automated follow-up observation scheduling inside constel-
lations of satellites. By intelligently selecting the salient data of interest (anomalies,
changes, detected events) we could lower the requirements of communication channels
by downlinking only the relevant data - this is illustrated on Figure This would
be also relevant for deep space missions with even more restricted communication
channels, where imagining spectroscopy data processing on-board could enable au-

tonomous targeting of places of interest and selection of salient data for downlinking.
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Change map

Figure 1.2: Example task with a change detection model. Having the change map
predicted on-board of a satellite could be used for several triggered actions - for
example sending a fast alert signal or downlinking only the relevant parts of the
image (or even just the predicted mask).

The computation power of traditional satellites is highly constrained, as the
their so-called payload subsystem doesn’t do any advanced data processing
& Agrawal, 2014]. For example the Landsat 8 satellite uses a RAD750 CPU (with
only up to 200 MHz) for it’s Command and Data Handling (C&DH) Subsystem
[Berger et al., [2001; Nelson et al., [2012] - this is less powerful than a nowadays mo-

bile phone. Only several demonstrator missions by NASA [Thompson et al., 2012;
Swope et al., 2022], ESA [Giuffrida et al.l 2021; Marin et al} [2021] and private sector
[Ruzicka et all 2023a; Mateo-Garcia et al., [2023] test specific hardware accelerators

in the harsh space environment and outline what will be possible in the future.

Remote sensing data enables unique monitoring capabilities of areas around the
world with specialised sensors that provide observations at wavelengths outside of
the visible spectrum typical for computer vision data. While this data enables a
wide array of tasks, it also requires very specific classical algorithms that usually
need domain knowledge which gets encoded into rule-based decision systems. The
detections made by these classical methods can be quite noisy and may require manual
intervention. We illustrate this on Figure [1.3| on the task of methane detection.
Given large datacubes of data with high spectral dimension, more advanced methods
also have slow processing speeds and may require auxiliary and heavily processed
data. These factors prevent easy deployment on-board of autonomous devices, where
automated detections are needed. We can leverage machine learning models to either
clean and post-process these classical products (to differentiate between confounders
and real events) or employ deep learning models to avoid the use of classical methods
altogether. As hyperspectral data is not commonly used in Computer Vision research,
the proposed machine learning architectures may require specific adaptations to this

domain. Designing models to comply with the constrains of limited compute devices,
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Figure 1.3: Current state of methane detection depends on manual interpretation of
the downlinked data by trained experts (shown in the first row). Machine learning
models processing of the data on-ground could aid their search and models running
on-board of satellites could enable detections within just few minutes after the capture
of the data.

while efficiently accessing all the information contained in the data is a challenge we
address in this thesis.

Many traditional satellites provide very specific sensing capabilities as they aren’t
targeted for general use. Machine learning models applied on data from these satel-
lites heavily depend on the specifications of the used sensors. These were designed
with very specific target observables, which influences the choice of the observed
wavelengths. Correspondingly, the created datasets of captures from different remote
sensing sensors often focus only on a few specific locations and events of interest. It
is difficult to evaluate and compare proposed machine learning models on this diverse
data. Some of the used sensors however observe at wide spectral ranges targeting
many downstream applications at once. Only recently, missions like EMIT ,
started providing near-global hyperspectral coverage of the Earth with publicly
accessible data archives.

On Figure [1.4] we envision general retrainable machine learning architectures that
can be tuned to different target chemical component signatures. These would en-
able universal detection satellites, that would host general models easily extended
to new detection tasks of interest. Satellites equipped with hyperspectral imaging

spectroscopy sensors are particularly suited for this as they support a large number
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Figure 1.4: Universal detection satellite equipped with general sensing capabilities
(for example VSWIR sensor with medium resolution) could host machine learning
models that detect many types of events at once - here we show a prediction of a
methane leak (actually present at this location) and a mineral map of three selected
mineral classes (later explored in this thesis).

of observable features. The recently created public data archives , 2022| and
machine learning research in unsupervised learning and Foundation models [Yang

et al [2023] make this a prime area of research.

1.3 Research Questions

Motivated by the outlined challenges, this thesis aims to address the central ques-
tion of enabling smart data processing on-board of satellites to allow for intelligent
decision-making. We split this large topic into several more easily approachable re-

search questions that we cover in each of the chapters of this thesis.

Q1 - How can we perform change detection on-board of a satellite?

Change can be treated as an universal signal for the chance of collecting new in-
formation. This holds true for remote observations of our Earth, where change could
correspond to regions of human activity including Climate Change relevant events,
or for observations on other planetary bodies, where they could indicate new impact
craters or areas of recent geologic activity. Can we leverage unsupervised change de-
tection methods to detect potentially any event of interest, while being robust to noise

and small variations of on-board low-level data? When comparing a current state of



the captured scene, we also need to have information about its past states. This
could either be stored from previous revisits at costs of large memory requirements or
communicated inside a network of satellites in a constellation. Can we design models
that use low dimensional latent vectors instead of full data captures to reach lower
storage and communication requirements? How can we design small models to allow
for fast inference speeds to match the data capture rates? Proposed research methods
need to be tested on devices that serve as realistic proxies for satellites or be deployed

on real missions.

Q2 - How can we detect a particular faint signal (e.g. methane) on-
board satellites with different sensors?

In cases when the detected phenomena is very weak and can be observed only with
specific instruments (such as imaging spectrometers also known as hyperspectral im-
agers) we need methods that augment the signal of the event over the background
data. These further need to be adjusted depending on the sensor used to collect the
data. As an example, we explore the detection of methane, a greenhouse gas trans-
parent in the visible spectrum, which is overlaid on top of variable surface scenes.
(Classical methods formulate the problem as anomaly detection and subtract estima-
tions of the background in search for a modelled chemical signature of the gas. Given
imperfect information and observation noise, they produce many false positive detec-
tions and trigger on other confounder materials. In most cases, they require manual
interventions of domain experts, which prevents their automation and the potential
deployment on-board of autonomous systems. Can machine learning models auto-

mate detections while being robust to confounder events?

Q3 - How can we design a universal detector that could be trained to
detect any chemical signal of interest without modification?

Data from hyperspectral sensors supports unprecedented range of potential ap-
plications, however it may require specialised processing pipelines. Models explored
in computer vision research do not consider data with high spectral dimension and
as such their use with remote sensing data can lead to loss of information. Can
we envision novel machine learning architectures that respect the high spectral di-
mensionality of the data, while complying with low compute restrictions of typical
deployed hardware? How can these models support multiple tasks of interest, in the
extreme the potential detection of any target chemical component present in the cap-

tured scene? How can we use these models as a strong foundation for adapting to



any other downstream task of interest? Furthermore, can we entirely replace clas-
sical methods with Deep Learning systems and end-to-end machine learning models
trained on low levels of processing data without any other auxiliary information? Can
we simulate synthetic datasets and events and later use these for detection on real-
world data? Can we prepare models before the relevant mission has even launched?

Could these enable a future of autonomous universal detection satellites?

1.4 Research Contributions and Overview

Here we briefly summarise the content of each chapter, link them to the outlined

research questions and list our contributions.

Chapter 2 - Background Literature

Chapter [2| provides a general background which is then referred to in the later
chapters. We address some of the domain specific research used for the applica-
tions of interest alongside with the typically used data sources. We also provide a
primer on some of the machine learning methods we use in this thesis. Finally,
we delve into the systems specific knowledge that will allow us to design machine
learning models tuned for specific hardware platforms. Additionally, each of the fol-
lowing chapters focuses on self-contained project, and if we use a specific technique

or data source, we go into more depth in that chapter’s background literature section.

Chapter 3 - Change Detection on Satellites

Broadly speaking, in Chapter |3| we explore the usage of small unsupervised change
detection models for deployment on satellites. We explore simple machine learning
architectures, focusing on small memory imprints and fast processing speeds. We re-
main application agnostic, by framing this task as an unsupervised change detection
problem in a time-series of geographically collocated data. Our system is evaluated
on a dataset of disaster events from data captured by the Sentinel-2 satellite. The
main focus of this chapter is to propose a change detection system on-board a
satellite (Q1).

Our contributions in this chapter are:

e We train an unsupervised change detection system called RaVAEn based on

the VAE architecture on a large dataset of Sentinel-2 images.



e The system is shown to generalise to samples of floods, wildfires, landslides and
hurricanes. We demonstrate that our latent-space comparison method outper-
forms image-space baselines on a newly created dataset of disaster events by
on average 18% in the AUPRC score (by 27% in hurricane and by 6% in fire

scenarios).

e We measure model inference speeds on several proxy devices and deploy the
model on-board of a real satellite flown by the industrial partner D-Orbit —
specifically on the ION-SCV 004 satellite which is part of the Dashing through
the Stars mission. There we conduct the world’s first experiments in training

small neural network classifiers on-board of the satellite.

e On-board of the ION SCV 004 satellite we demonstrate change detection in
about 0.11 seconds per a full captured scene (area of 4.8 km x 4.8 km). When
comparing inference speeds between devices, we encounter almost 16.5x times
speedup when running our models on the Myriad X chip on the ION SCV
satellite in contrast to the earlier runs on a CPU of the Xilinx Pynq board.
Training of an entire machine learning model takes only about 1.55s seconds

including the encoding time.

Chapter 4 - Methane Detection

In Chapter 4] we explore faint signal detection on-board of satellites with
hyperspectral and multispectral sensors (Q2), in the form of semantic segmen-
tation of methane leak plumes. This specific application is of unique interest to us,
given its timely nature - methane is the second most important contributor to global
warming through radiative forcing. Yet it is also the most actionable target for re-
duction given its relatively short atmospheric lifetime. Many new satellite missions
are being launched to observe methane emissions and as such the data deluge will be

enormous and will require automation.

Our contributions in this chapter are:

e We propose the STARCOP models based on the U-Net architecture and train
them on data from different sensors and compare them against classical base-
lines. We see reductions in false positive detections and significant improve-

ments in scores for methane leak detection.



e Our hyperspectral model improves the F1 score over a widely used matched
filter baseline by 21.51% for strong events and by 8.68% for weak events while
reducing the false positive rate by over 42.12%. Meanwhile our multispectral
model improves the F1 score of classical band ratios baselines from the very low

7.44 F1 score for strong events up to 31.89.

e Furthermore, we demonstrate generalisation capabilities of our model trained
on the AVIRIS-NG data when evaluating it on data from the EMIT sensor, the
model improves the F1 score of the matched filter baseline by 40.28% on a small

dataset of manually found events.

e With multispectral and hyperspectral model variants we propose a tip-and-cue

system for satellite constellations with non-heterogeneous sensing capabilities.

e We curate a new dataset, improve existing labels and release the data publicly
to aid research in this domain. Instead of having to download and process
almost 6TB of raw data, we package the dataset into machine learning ready
formats at vastly reduced sizes (60 or 633 GB depending on the needed subset
of spectral bands).

Chapter 5 - Universal Detection from Satellites

In Chapter [5{ our focus broadens from a single application of interest (of methane
leak detection) into a generalised detection scenario. We focus on the design of
universal detection architectures (Q3) working with hyperspectral data, which
we demonstrate on two example downstream tasks of methane detection and mineral
identification. To do so, we adapt existing model machine learning models to bet-
ter process hyperspectral data in an end-to-end manner. We identify informational
bottlenecks present in the default versions of the models (if they were used with hy-

perspectral data), and the limitations of relying on classical features.

Our contributions in this chapter are:

e We propose Hyperspectral ViT architectures, adaptations of machine learn-
ing models based on the Transformer architecture using a modular design of
three explored changes. We explore these changes in ablation studies with two

popular and recent semantic segmentation models.

e We create three large new datasets from the near-global EMIT data and we

release these publicly under the shared name OxHyper datasets. First dataset
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contains simulated methane leak events, second one is a smaller dataset of real
methane leak events. The third dataset contains novel generated labels for the

task of mineral identification.

On the demonstrated tasks we show further improvements of our adapted end-
to-end models over classical machine learning approaches. In methane detection
we reach the new state-of-the-art results improving scores on a synthetically
created dataset by 27.87% in F1 (and by 43.85% in IoU) over previous model
(proposed in the previous chapter) and by 97.26% in F1 (and by 155% in IoU)

over the matched filter baseline.

We further demonstrate that pre-training machine learning models on a synthet-
ically created dataset has positive impacts for detection of real events, which is
highly relevant for newly deployed sensors. Fine-tuning our models pre-trained
on the synthetic dataset improves the F1 score by 6.9% over the scenario of only
training from the real data from scratch (in both cases using our best proposed

model variant).

We measure the significantly reduced processing time across several devices
which serve as proxies for the hardware available on satellites (and other com-
munication constrained devices). Using our newly proposed models, we estimate
that to process an entire archive of data collected by the used satellite in one
day we’d need 2.5 hours (with 30 sec per single capture) on a proxy of the
space tested environment on the ION-SCV 004 satellite and only 3.2 minutes
(with 0.64 sec per single capture) if we used high-power GPU on the Jetson
AGX Xavier board. We would gain about 317x times speed-up over models
depending on the MF baseline (with 203.3 sec per single capture).

Finally in Chapter [6] we conclude the thesis and answer the research questions

outlined here in the introduction. While we dedicate each of these chapters to one

central question, some topics span across the entire thesis.

1.5 Outputs

1.5.1 Core publications

This thesis compiles the work presented in several past publications. For the first

authored publications we also detail the contributions made in each paper. In most

cases, we release the code and the pre-trained model weights.
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Publications directly relevant to the chapters in this thesis are:

1. Razicka, V., Vaughan, A., De Martini, D., Fulton, J., Salvatelli, V., Bridges,
C., Mateo-Garcia, G., Zantedeschi, V. (2022, October). RaVAn: unsupervised
change detection of extreme events using ML on-board satellites. Scientific
reports, 12(1), 16939. Ruzicka et al. [2022]

Codebase: https://github.com/spaceml-org/RaVAEn.

In this paper, V.R. was responsible as the first author for writing, reviewing,
conducting experiments and their evaluation and publishing code and results.
He also shares the conceivement of the experiments, coding and measuring the

model on real-world hardware.

2. Razicka, V., Mateo-Garcia, G., Bridges, C., Brunskill, C., Purcell, C., Longépé,
N., Markham, A. (2023, July). Fast model inference and training on-board of
satellites. In IGARSS 2023-2023 IEEFE International Geoscience and Remote
Sensing Symposium (pp. 2002-2005). IEEE. Ruzicka et al.| [2023a]

Codebase: https://github.com/previtus/RaVAEn-unibap-dorbit.
In this paper, V.R. was responsible for conceptualisation, methodology, experi-

ments, code, writing and reviewing.

3. Ruazicka, V., Mateo-Garcia, G., Gémez-Chova, L., Vaughan, A., Guanter, L.,
Markham, A. (2023, November). Semantic segmentation of methane plumes
with hyperspectral machine learning models. Scientific Reports, 13(1), 19999.
Ruzicka et al.| [2023D]

Codebase: https://github.com/spaceml-org/STARCOP.

In this paper, V.R. was responsible as the first and corresponding author, he
was proposing the machine learning models, conducting and evaluating the ex-
periments and publishing the code repository, results and writing the paper. He
shares the conceivement of the experiments and coding, and collection and pro-

cessing of the dataset.

4. Upcoming publication from the work presented in Chapter )] Ruzicka, V.,
Markham, A. (2024, October). HyperspectralViTs: General Hyperspectral
Models for On-board Remote Sensing. [Ruzicka & Markham| [2024]

Pre-print publicly at: https://arxiv.org/abs/2410.17248.
In this paper, V.R. was responsible for conceptualisation, methodology, experi-

ments, code implementation and model training, writing and reviewing.
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1.5.2 Media releases

The following media releases and public talks cover the presented work in the core

publications:

o Al on satellites for autonomous detection of disaster events. Newsletter of
the Oxford University, Computer Science Department. Inspired Research,
Winter 2022, Issue 21, page 20, October 2022. link

e Researchers successfully train a machine learning model in outer space for the
first time. Oxford University News. July 2023. [link

o World breakthrough in onboard AI model training presented by ®-lab at IGARSS,
ESA &-lab News. August 2023. link

o Al that automatically detects methane plumes from space could be a powerful

tool in combating climate change. Oxford University News. November 2023.
link

e Na stopé metanu - Umeéld inteligence proti klimatické zmeéné. (On the trail
of Methane - Artificial Intelligence for Climate Change tasks). WIRED CZ.
November 2023. link

e Potrebuji vidét hlubsi smysl své prdce. (I need to see a deeper meaning behind
my work). CVUT FEL News CZ. December 2023. link

o How AI helps us track methane - from space at the TED Al in Vienna. Octo-
ber 2024. Video is available at: https://www.ted.com/talks/vit_ruzicka_

how_ai_helps_us_track_methane_from_space.

1.5.3 Other co-authored publications

Additional co-authored publications are:

1. Zhang, B., Wang, H., Alabri, A., Bot, K., McCall, C., Hamilton, D., Razicka,
V. (2022, November). Unsupervised wildfire change detection based on con-
trastive learning. Al + HADR Workshop, NeurIPS 2022. Zhang et al.|[2022]
Codebase: https://github.com/spaceml-org/FireCLR-Wildfires.

This paper explores unsupervised change detection in Sentinel-2 images while
specializing on tasks related to wildfire detection - this includes the detection of

active fires, ash types and presence of fuel loads relevant for wildfires. During
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this project, I served as a machine learning team lead. I was responsible for
the choice of SIMCLR and helped with VAE baselines explored during develop-
ment. Exploring contrastive learning was an alternative technique to the VAE
used in Chapter [3] although we ended up using smaller and more local datasets

connected with selected wildfires.

. Parr, J., Acciarini, G., Bridges, C., Mateo-Garcia, G., Portalés, E., Purcell, C.,
Ruzicka, V., Spalding, A., Veitch-Michaelis, J. (2024, July). Live Twinning:
A Vision of ML Enabled Assets in LEO for Rapid Response to Natural Catas-
trophes. In IGARSS 202/-202/ IEEE International Geoscience and Remote
Sensing Symposium (pp. 685-688). IEEE. Parr et al. [2024]

This paper covers a selection of projects developed with the Frontier Develop-
ment Lab focusing on topics of autonomy and Al on-board of satellites. These
projects include works mentioned in Chapters[3|and ] and papers |[Ruzicka et al.
[2022, 2023aib|. I was responsible for providing descriptions about the projects
I was involved in. This paper forms a bridge between the research presented
in this thesis and several other projects conducted in the Frontier Development
Lab internships (such as Al models aimed for the planned ESA VIGIL mission
to the fifth Lagrangian point (L5) to provide a side view of coronal mass ejection

events from the Sun).

. Vaughan, A., Mateo-Garcia, G., Gémez-Chova, L., Ruzicka, V., Guanter, L.,
Irakulis-Loitxate, 1. (2024, May). CH4Net: a deep learning model for monitor-
ing methane super-emitters with Sentinel-2 imagery. Atmospheric Measurement
Techniques, 17(9), 2583-2593. Vaughan et al.| [2024D]

This paper focuses on detection of methane leaks in the images from the multi-
spectral sensor Sentinel-2. During my research on the work presented in Chap-
ter 4| and in the paper Ruzicka et al.|[2023b], we conducted a wide research
of prior methods used in this field (for hyperspectral and multispectral data) -
this includes discussing band ratio methods, potential sources of data and lim-
itations of connected sensors. It also includes working together on developing

the motivation for these projects and their presentation to the public.

. Aybar, C., Mateo-Garcia, G., Acciarini, G., Razicka, V., Meoni, G., Longépé,
N., Gémez-Chova, L. (2024, October). Onboard Cloud Detection and Atmo-
spheric Correction With Efficient Deep Learning Models. In IFEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing. IEEE. |[Ay-
bar et al.| [2022]
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Codebase: https://github.com/spaceml-org/DTACSNet.

This paper effectively explores translation of Sentinel-2 data between different

processing levels (L1C to L2A; including cloud detection) using small and fast

machine learning models - as a simulation of classical, typically slower meth-

ods used on-ground. My participation was to advise on topics related to Al

on-board of satellites, as the aim was to run these models on the edge to allow

in space domain to domain translation. Experience with hardware proxies for
real satellites is also leveraged throughout Chapters [3 and [5

1.5.4 Datasets and public resources

Throughout our research, we also created many new datasets, which we publicly

release to aid other researchers in the connected fields. These are listed in Table [1.1].

Codebases, pre-trained model weights and details about data processing tools are also

provided in the repositories for each project.

Table 1.1: Released datasets with links to publicly accessible data.

Dataset name Sensor Variant Size Links

RaVAEn Sentinel-2, L1C disasters evaluation dataset 11.73 GB  Google Drive

STARCOP AVIRIS-NG, L1B MF, RGB, WV3 simulated 60.7 GB  Zenodo.7863343
125b. (1573-1699, 2004-2480) 633 GB Train 1, 2, |3, Test

EMIT, L1B small generalisation dataset 341 MB |Google Drive

OxHyper EMIT, L1B

-SyntheticCH4 RGB, MF 6 GB |HuggingFace repo.
86 bands (RGB, 1573-2478nm) 114 GB HuggingFace repo.
multi-temporal version 228 GB HuggingFace repo.

-RealCH4 86 bands (RGB, 1573-2478nm) 47 GB |HuggingFace repo.

-Minerals 285 bands (381-2492nm) 372 GB HF Train, TestVal
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https://huggingface.co/datasets/previtus/OxHyperMinerals_TestVal

Background Literature

2.1 Overview

In this chapter we explore the background literature for the domain of Remote Sens-
ing in Section and the methodology of Machine Learning in Section 2.3 We
specifically focus on the application of Methane detection in Section [2.4] Further ex-
amples of Machine Learning methods applied for Remote Sensing tasks are listed in
Section [2.5] Finally, in Section we detail systems and hardware used for missions
deployed in Space.

2.2 Primer on Remote Sensing

Applications explored in our work use data from the domain of Remote Sensing.
Here, we will provide high-level description of this discipline and mention examples
of types of tasks, types of data and practices relevant to the applications tackled in
this thesis. For more information we refer the reader to the text collection of [Njokul,
2014]. We differentiate the data used in the discipline of Remote Sensing namely
in contrast with the domain of Computer Vision which has experienced widespread
attention by the Machine Learning community. Machine Learning models used on
Remote Sensing data face several unique challenges and motivate creation of new
adapted architectures. Also, while models trained on Computer Vision data are in
daily use in the real-world (for example on mobile phones), Remote Sensing data has
not yet experience similar wide adoption of Machine Learning. In this section, we

explore some of the reasons why Remote Sensing data is unique.
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Figure 2.1: Simplified illustration of light passing through the Earth’s atmosphere,
bouncing by the surface and returning to the satellite’s sensors. Different constituents
of atmosphere absorb incoming light at different wavelenghts - this is why we are able
to detect them in the reflected at-sensor radiation.

2.2.1 Instruments

Remote Sensing data comes from a wide range of instruments deployed on various
types of devices. We will present several examples and create few simplified cate-
gorisations. We however note that this is not meant as a complete and exhaustive
description of the entire discipline.

We can differentiate between the types of deployment of the used sensors. Firstly,
data can be collected aerially, with airplanes flown over the locations of interest.
These will create mostly local data captures (although at times they can cover areas
of whole countries or sample scenes across different countries) that usually aim to
monitor a targeted event. Although efforts are taken to standardise data acquisitions,
some parameters of data could differ between the captures - this could be due to the
different atmospheric conditions, time of day or height of the flight. One such example
is the AVIRIS-NG sensor, which has been flown over areas in the USA [Thorpe et al.,
2017], India |[Bhattacharya et al. 2019] and Europe [Kuhlmann et al., 2023] with more
planned captures. Data collected by unmanned aerial vehicles (UAVs) or drones
have similar properties, but their operation can be easier and less costly |Dooley
et al), 2024]. Secondly, data can be captured from satellites orbiting the Earth.

These often have global coverage of the entire planet and because they are using
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Figure 2.2: Visualisation of the electromagnetic spectrum.

the same processing pipelines, the collected data tends to be more uniform. While
some missions capture data in only on-demand scenarios, other record everything and
effectively create archives of all observed data. One such example is the Sentinel-2
satellite, which observes areas around the whole world with a revisit time of about 5
days (using two near identical units). The data captures also tend to be synchronised
with a time of day on the ground. Thirdly, sensors can be deployed on other specific
platforms, such as for example the International Space Station (ISS), which hosts for
example the EMIT sensor. The properties of these are somewhat similar to a satellite,
however the position of the ISS itself is less predictable and can be changed. As such,
the time of the day between captures can also differ.

Figure shows an example of the light spectrum that can be captured with
different instruments and the effect our atmosphere has on different wavelengths. In-
struments deployed in space typically observe the reflected solar radiation after it
has passed through the atmosphere on the way from the Sun, which causes many
complex interactions and requires specific data processing. The visible part of the
spectrum covers the red, green and blue (RGB) bands similar to those typically used
in Computer Vision. Figure|2.2|shows the division of the infrared portion of spectrum
into near infrared (NIR), short-wave (SWIR), middle-wave (MWIR) and long-wave
(LWIR) infrared (which includes thermal imaging ranges). The exact ranges dif-
fer depending on the definitions. The visible and short-wave infrared (VSWIR) is
also sometimes combined. When describing which parts of the spectrum a satellite
covers, we encounter classification into multispectral (MSI) and hyperspectral (HSI)
instruments [Hagen & Kudenov, 2013} (Cawse-Nicholson et al.l 2021]. MSI satellites
typically have fewer bands, and each band covers a relatively wide area (for example
Sentinel-2 has 13 bands and its “Red” band covers 641 to 689nm). Meanwhile HSI
satellites collect many more bands with narrower spectral resolutions (for example
the AVIRIS-NG sensor has 285 bands and the band near to “Red” covers only about
639 to 645nm).
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Table 2.1: Example current and future multispectral and hyperspectral sensors. Used
shortcuts: S. range/res. for spectral range and resolutions (both in nm), sat. for
satellite, aer. for aerial capture (from a plane), pub. for public, priv. for private and
acq. denotes that manual acquisition needs to be scheduled. Finally, GSD refers to
ground sample distance (also known as spatial resolution).

Name Type Bands  S.range S.res.  Year GSD  Reyvisit

MSI

Landsat 8 OLI sat., pub. 9 433-2294 20-80 2013 15-30m 16d
Landsat 9 OLI sat., pub. 9 433-2294 20-80 2021 15-30m 16d
WorldView-3  sat., priv. 16 400-2365  30-180 2014  .31-3.7Tm 1d
Sentinel-5P sat., pub. 7 270-2385 .225-.65 2017 3.5 7km? 1d
Sentinel-2A sat., pub. 13 443-2190  15-180 2015 10-60m 10d
Sentinel-2B sat., pub. 13 443-2190  15-180 2017 10-60m 10d

Sentinel-2C 2024

HSI

AVIRIS-C aer., pub. 224 380-2510 10 1989 4-20m N/A
AVIRIS-NG aer., pub. 425 380-2510 5 2013 3-10m N/A
AVIRIS-3 aer., pub. 284 390-2493 74 2023 0.5-13m N/A
GHGSat-D sat., priv.  N/A  1630-1675 ~0.3 2016 50m 14d
GHGSat-CX sat., priv. N/A  1630-1675 ~0.1 2020 30m 14d
PRISMA sat., acq. 240 400-2505 11-13 2019 30m 29d
EnMap sat., acq. 246 420-2450 6.5 2022 30m 27d
EMIT ISS, pub. 285 381-2493 7.5 2022 60m N/A
Tanager-1 sat., priv. >420  400-2500 5 2024 30m  weekly
MethaneSAT  aer., pub. N/A  1598-1683 0.25 ~2025 100x400m  7-14d
SBG-VSWIR  sat., pub. 220 380-2500 10 ~2032 30-35m <16d
CHIME sat., pub. >200  400-2500 <10 ~2029 30m ~12.5d

Hyperspectral sensors typically provide a finer view of the imaged phenomena,
however at the cost of increased data volume and processing requirements. Multi-
spectral sensors are more common, and the archives of their data is also more easily
accessible. While the family of the multispectral Landsat satellites operates globally
since 1972 (and for comparison Sentinel-2 from 2015), most of the early hyperspec-
tral sensors were deployed locally on aerial missions with AVIRIS first used in 1986.
Satellite deployed sensors by the private actors such as EnMap or PRISMA followed
later, but their data captures are only on-demand. Only recently missions like the
ISS deployed sensor EMIT provide near-global view of the Earth with hyperspectral
instruments. We note that the spectral range of HSI isn’t defined, so some sensors
operate only until about 1000nm, while other capture wavelengths up to 2500nm -
this is relevant for detection of events visible only in shorter wavelenghts (for example

methane).
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We list some of the relevant satellites and sensors in Table 2.1l We note that the
Sentinel missions operate in tandem halving the revisit time from 10 to 5 days (sim-
ilarly as the Landsat missions halving their revisit time from 16 to 8 days). Missions
such as the planned MethaneSAT operate in very narrow windows monitoring carbon
dioxide and methane separately [Miller et al., 2024], the captured data will likely
directly create methane concentration products. The aerial mission AVIRIS-3 has
been recently used to monitor methane and COs plumes in the preliminary report of
[Thorpe et all |2024]. We omit radar based sensors (such as synthetic aperture radar
or LIiDAR) and thermal imaging sensors, as these are beyond the scope of this thesis.
Similar lists are available in the recent survey by [Tiemann et al., [2024] focusing on

instruments observing methane.

2.2.2 Levels of processing

Data product levels refer to the pipelines used to process the data from the Level
0, raw unprocessed data available on-board of the sensor, all the way to levels pre-
senting heavily analysed and interpreted data [Njoku, [2014]. The exact definitions of
these aren’t standardised across different missions, satellites and agencies, although
some general similarities apply. Level 0 data is on-sensor raw capture, with noise
and sensor artifacts due to dark signal, erroneous pixels and other effects. It also
typically lacks bands corregistration, as explored in |Llaveria et al. |2023]. Level 0
data is usually not easily available, only recently some works collected and released
small, annotated datasets [Meoni et al, 2023 Del Prete et al), 2023]. Level 1 data
typically contains georeferenced Top-of-Atmosphere (TOA) reflectance data - how-
ever for example, the exact method used for orthorectification often differs between
sensors. Level 2 data typically contains surface reflectances, referred to as Bottom-
of-Atmosphere (BOA), and as such is atmospherically corrected. It may also contain
some early scene classifications and cloud masks (as these may be needed for more
exact atmospheric correction). We note that while these are usually processed on-
the-ground from the downlinked satellite data, some recent works considered models

to simulate this process on-board |[Aybar et al., 2024].

2.2.3 Data portals, datasets

In this section, we describe several data portals relevant for our work. First, we
note how important it is for data to be provided with an easy and free access for its

widespread adoption in the community. Data collected by a satellite can typically be
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Table 2.2: Example remote sensing datasets. We note that we informally approximate
the dataset size as Small (with only few satellite captures), Medium or Large (with
many thousands of captures). S1 and S2 refers to the Sentinel satellites.

Sensor  Name Coverage Size Labels Models
S2 WorldFloods global L Water extent  U-Net
BigEarthNet global L Land cover CNN
Dynamic World global L Land cover FCNN
MajorTOM global L N/A N/A
51452 CloudSEN12 global L Cloud masks  U-Net
AVIRIS Single scenes (Indian Pines, ...) local S Materials N/A
JPL methane leaks local M Methane leaks N/A
MethaneMapper local M Methane leaks DETR
STARCOP (Ch. local M  Methane leaks U-Net
EMIT  Presented in Ch.
OxHyperSyntheticCH4 global M Methane leaks SF, EV
OxHyperReal CH4 global M Methane leaks same as ~
OxHyperMinerals global M Minerals same as ~

used for a wide variety of tasks, which might not be known at the date of capture.
New methodology, or machine learning models developed in the future can be used
retrospectively and this archive can be studied as was for example the case when
detecting methane in older captures of data [Irakulis-Loitxate et al., [2022].

To name a few examples, data from the Copernicus Sentinel satellites is relatively
easily accessible on several portals, for online viewing on the Copernicus Browsetﬂ
and for data download on the Google Earth Engine porta]ﬂ (in multiple levels of
processing including TOA and BOA). Similarly, data from the NASA’s hyperspec-
tral sensor EMIT is continually being uploaded on the Land Processes Distributed
Active Archive Centerf| (LP DAAC) on daily basis. In contrast, data from other
hyperspectral satellites such as EnMap or PRISMA requires the users to manually
schedule acquisitions over areas of interest. Although it is possible to access the
archive of past acquisitions, there are typically limits to the number of scenes that
can be downloaded and locations that haven’t been scheduled manually will simply
be missing from the archives. Licences for sharing data processed from these satellites
are also more complex - namely one cannot share the original data, which potentially

prohibits creation of large benchmark datasets hosted on third party websites.

'https://browser.dataspace.copernicus.eu/
Zhttps://code.earthengine.google.com/
Shttps://search.earthdata.nasa.gov/search
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Figure 2.3: Simplified abstraction of machine learning model training and inference
schema.

Table shows a non-exhaustive list of publicly accessible large remote sensing
datasets (including the recent large dataset of Sentinel-2 images called MajorTOM
[Francis & Czerkawski, [2024]) and example used machine learning models, SF stands
for SegFormer [Xie et al.l [2021], EV for EfficientViT [Cai et al. [2023] and DETR
[Carion et al., [2020].

2.3 Primer on Machine Learning

In this thesis we heavily rely on Machine Learning models which we apply to several
concrete applications (such as tasks in the domain of Remote Sensing) given specif-
ically defined constrains (for example low compute environments). It is out of the
scope of the thesis to provide exhaustive research into all existing Machine Learning
techniques and models. Instead, we chose to provide a very general and high-level
description of trends used in Machine Learning. For an introduction into this field,
we refer the reader to the classical textbooks such as [Goodfellow et al., 2016] and
we also suggest following the references for more details about each of the mentioned
techniques or architectures.

An abstraction of a machine learning model is shown on Figure [2.3] where the
model itself is described generally as M with some trainable parameters W (weights).
The typical modern model is composed of a sequence of layers, which apply specific
learned data transformations using the weights of each of the layers. When construct-
ing this model, we typically plug existing building blocks proposed in prior research,

following the type and dimensionality of the data and the type of the task and labels.
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Table 2.3: Types of example machine learning tasks with a typical remote sensing
data sample on the input. In some cases the exact used output shape depends on the
formulation of the problem and could differ between papers. For example, bounding
boxes can be defined in multiple ways.

Name Input Output

Classification [b, w, h] € RZW:H ¢ € Classes

Regression ) reR

Domain to domain transfer ~ [w,h] € R

Semantic segmentation ) [w,h]| € Classes

Object detection ) b. boxes with classes
Instance segmentation ) b. boxes with instances
Panoptic segmentation ) b. boxes with both
Feature learning ) depends on the definition
Change detection [t, b, w, h] € RLPWH [ h in Classes

Anomaly detection N * [b, w, h] € RBEWH  depends on the definition
Sequence classification [t, b, w, h] € REBWH ¢ ¢ Classes

Sequence regression ) reR

Sequence modelling i [b, w, h] € REWH for t +1

2.3.1 Task descriptions

Table provides a non-exhaustive list of few selected tasks and how these inform
the shapes of the input data and the used labels. Most of applications explored in this
thesis use Remote Sensing image-like data with many bands, from this we frame the
typical input composed of images potentially obtained at multiple time snapshots,
with multiple spectral bands and with spatial coordinates given by the width and
height of the image (typically tiled into into smaller square tiles). In several examples
explored in this thesis, we define the task at hand as semantic segmentation, this
means that the spatial dimensionality of the data is usually maintained even in the
label (although potentially at lower resolutions).

In addition, we typically differentiate between three types of learning, depending
on the type of labels we have at our disposal. In the so-called fully supervised learning
scenario, each sample has a label. A simple illustration can be the early work of
[Krizhevsky et al., [2012], where a model was trained on image classification task and
where all labels were known. In the so-called weakly or semi-supervised learning
scenario, we have labels only for a subset of the data. In extreme cases known as
few-shot or one-shot learning, only few or just one sample contains a label. In these
cases, we typically leverage some existing pre-trained models (ideally trained on a

similar task) and for example fine-tune them on our much smaller labelled datasets.
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Clustering methods are typically used in few-shot learning or one-shot learning cases.
In the unsupervised learning scenario, we don’t have any labels at all, in these cases
we either try to generate some pseudo-ground truth labels (and convert the task
into supervised learning), or we learn some auxiliary tasks. With generative machine
learning models, these could be for example data reconstruction from a bottleneck
feature |[Kingma & Welling| 2014] or other tasks that require the model to somehow
understand the data such as masked image reconstruction [He et al) 2022]. With
contrastive learning methods, we generate lists of positive and negative samples and
instead learn distance functions (for example using the triplet loss, where positives are
encoded close to each other while negative samples are pushed away from each other).
Models obtained in unsupervised learning can also be used for semi-supervised tasks.

Finally, in the so-called zero-shot learning, we use models pre-trained on other
data for predictions on our own data and we hope for generalisation. Definitions are
not entirely consistent, however this term could also be used to describe a scenario,
where we are using models originally trained on a clean and well-behaved benchmark
datasets with data from in-the-wild, real-word deployment of similar sensors. As an
extreme example of this, we can also consider the so-called Foundation models, which
are typically used in a zero-shot manner, and which expect generalisation ability on
newly shown data [Yang et al. 2023]. Some definitions of these also add requirements
that the used pre-training datasets have to be very large and that the size of the
model itself needs to be beyond some number of parameters. We however note,
these definitions are quite arbitrary, and that new papers sometimes tend to define
their own new classifications. We refer the reader to overview papers of [Shrestha &

Mahmood, 2019; [Tuia et al., [2024] for more categorisations.

2.3.2 Training

The illustration on Figure [2.3] also includes an abstraction of the training process,
for more details we refer to [Goodfellow et al., |2016]. The model learns a function
that translates data on the input into predictions at the output side of the model.
We typically calculate loss as a distance between the predictions (in some cases after
applying a threshold) and the ground truth labels. Without labels, pseudo-ground
truth or distances between positive and negative samples can be used instead. The loss
function depends on the type of predicted task. As an example, a typical regression
loss is the L1 loss also known as mean absolute error (MAE) and the L2 loss also

known as mean square loss (MSE). One of the commonly used classification loses is
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for example the binary cross-entropy (BCE) loss. A survey of losses can be found in
[Ciampiconi et al. 2023].

In the training process we select the so-called optimizer, which is an algorithm
that defines how we change the model weights given the observed loss. The goal of
the optimizer is to update weights in a way that will decrease the overall loss. In
doing so, we are moving through the high-dimensional space of all possible weights to
find areas with low loss, without getting stuck in areas of local minimum. Commonly
used optimizers include the stochastic gradient descent (SGD), in this thesis we use
Adam [Kingma & Bal 2014] or AdamW |Loshchilov & Hutter|, 2017].

Metrics are also calculated like losses from the distance between the predictions
and labels, they should however be informed by domain knowledge and give us an
indicator of how well is the model doing. During binary classification, we typically
quantify samples into types of errors such as True or False Positives or Negatives.
From these we can compute metrics such as Precision = TP/(TP + FP), Recall =
TP/(TP + FN), the F1 score F'1 = (2 % Precision * Recall)/(Precision + Recall)
and the Intersection over Union score [oU = TP/(TP+ FP+ FN). We use multiple
metrics in cases when dealing with datasets with imbalanced distribution of classes
(for example when we have only few samples of interest and many samples from
the background class). Model predictions are typically continuous, and we have to
convert them to binary classifications by selecting a threshold. Other metrics don’t
need threshold and give us a measure of alignment between continuous predictions
and binary labels - one example is the area under the precision recall curve (AUPRC)
metric.

Finally, dataset splits also influence how we train our models. We illustrate this
on an example of fully labelled dataset D = (X,Y’) where X are inputs and Y are
associated labels. In most benchmarks, these splits are provided to us, but when we
are creating new datasets, we need to split them ourselves. Samples are typically
split into Train and Test subsets, each following the independent and identically dis-
tributed (IID) assumption. Sometimes k-fold cross-validation is used instead, where
we create k different splits of different subsets of the entire dataset D. In other cases,
we create an additional Val subset. This enables us to tune hyperparameters on this
set aside set, or to select the best performing model. To prevent model overfitting and
false result numbers, each subset needs to be non-overlapping with the other subsets.
We can also consider creating a dataset of samples from the wild, usually from a
real-world application. We should ideally consider the creation of these already when

training our models and when testing their generalisation abilities.
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2.3.3 Model architectures

Machine learning architectures can also be described as a list of layers, or of individual
building blocks used to process the input data into predictions. These create directed
acyclic graphs (DAGs) that uniquely describe the passage through a network. Most of
layers will be reused across different machine learning architectures at times regardless
of the application. Only in some cases the domain of the data calls for a new machine
learning architecture and design.

Here, we briefly describe some of the commonly used layers in machine learning
models, for the exact specification we however refer the reader to the overview of
[Shrestha & Mahmood, 2019]. The simplest layer is the so-called dense or fully
connected layer, which connects each input with each output using multiplication by
learned weights and addition of learned bias using a projection through (often non-
linear) activation function. Another typical layer type is the so-called convolutional
layer, which applies several learned convolution kernels over the whole layer’s input
data. This layer maintains the spatial resolution and typically uses fewer parameters
than fully connected layer. Few non-parametric layers include down-sampling layers,
which reduce the resolution using a pooling function (for example an average of a
given neighbourhood window). Another is simply an identity operation, which can
be used across different levels of the model - for example the residual connections of
[He et al., 2016] or the skip connections of [Ronneberger et al., 2015]. The famous
AlexNet [Krizhevsky et al.), 2012] model which is a predecessor of many modern
convolutional neural networks, can be described using the listed layers. The addition
of typically learned upscaling or unpooling layers then allows a construction of the so
called encoder-decoder models that reconstruct the shape of the data from high level
features (for example [Ronneberger et al. [2015]).

So far, we omitted layers used for modelling sequential data, which form the
basis of the recurrent neural networks (RNN) or the later proposed long short-term
memory (LSTM) [Hochreiter, [1997] layers. One of the latest additions into the family
of machine learning building blocks is the Transformer block, initially used to model
sequential data in large language learning models |[Vaswani et al) 2017] and later
adapted for image data in [Dosovitskiy, [2020]. These add attention mechanisms that
allow the layer to model connections in data globally across the input resolution.
Models using these are typically better at modelling long-range interactions inside
images than those relying only on convolutions [Tuli et al.l 2021], however this is at
the cost of larger computational demands (some specialised architectures however try
to address this [Cai et al., 2023]) and the need for larger datasets.

26



We will create a high-level generalisation of the types of machine learning models
given the flow of the data shapes passing through the layers of the model. This is
naturally governed by the shape of the data and labels. When we predict a single
value for an entire image, the models will be progressively decreasing the resolution
of the data ending up in networks similar to an encoder layout. Models like AlexNet
[Krizhevsky et al., [2012], ResNet [He et al., [2016], VGG [Simonyan & Zisserman),
2014], ViT [Dosovitskiy} 2020] and ConvNeXt [Liu et al., [2022] can all be described
like this. When we instead predict data of the same resolution, we usually use the
architecture which can be described by the encoder-decoder layout. In cases of auto-
encoders and similar models [Kingma & Welling, 2014; [He et al., 2022], networks
are kept separate. In case of architectures such as U-Net [Ronneberger et al., [2015],
SegFormer [Xie et al., 2021, EfficientViT [Cai et al., 2023] and others, we use identity
connections between different layers processing the data at the same resolutions, which
effectively allows for separation of the scale of the learned features. Naturally, there
are more complex architectures, but even these typically contain blocks which could
be described with this simple differentiation. We will use this description throughout

the chapters in this thesis.

2.4 Primer on Methane Detection

2.4.1 Motivation

The background of our motivation for why we’d like to detect methane stems from
messages presented in the Intergovernmental Panel on Climate Change (IPCC) re-
port from 2023 [Lee et al., 2023]. The single most important parameter for the future
development of Climate on planet Earth currently is the amount of greenhouse gasses
(GHGs) contained in the atmosphere. This is because of their influence on the phe-
nomena called radiative forcing. Effectively there’s an energy balance between the
energy coming from the Sun and the energy released (radiated) back into Space [Ra-
manswamy et al., [1991]. Radiative forcing can be positive or negative depending on
if the amount of energy that enter Earth’s atmosphere differs from the energy leaving
it causing increase in temperature (positive radiative forcing) or decrease (negative
radiative forcing). Typically, this is due to a mixture of different physical parameters,
current effects lead to temperature increases.

The individual constituents are quite complex, even the influence of GHGs is at
least two-fold. GHG molecules absorb and reflect heat that would otherwise escape

into space. Larger quantities of GHGs in the atmosphere also changes the altitude at
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Figure 2.4: Illustration of the estimated temperature by the end of the century de-
pending on different reductions of greenhouse gasses, split to show carbon dioxide and
methane separately. This graph has been reproduced from the IPCC 2023 report
et all [2023]. We additionally mark mentioned reduction targets for both methane

and net zero in carbon dioxide.

which radiation escapes into space - at higher altitudes the emission occurs at lower
temperature, which means that the atmosphere retains more energy (this is called a
change in the effective radiative altitude). Other constituents can have both positive
and negative forcing effects, such as for example aerosols. Calculation of radiative
forcing is therefore complex and is beyond the scope of this thesis.

Before the industrial era, the incoming and outgoing radiation was close to bal-
ance, which is why the year 1750 is often used as the baseline for comparison, however
the years between 1850-1900 are also used. Various modelled scenarios will lead to
different outcomes given our behaviour in the next few decades. As is shown on Fig-
ure there is a temporal delay, and almost regardless of our current actions we
will likely not avoid a future which has +1.5°C in comparison with the pre-industrial
era. However, our actions now will heavily influence the expected outcome by the
year 2100 - we can either limit global warming to +1.5°C or go beyond +4°C. If we
continue with current rate of GHG emissions, we are likely to reach 4+2.7°C by the
end of the century (this is known as scenario “SSP2-4.5” in [Lee et al., 2023], where
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SPPz-y stands for “Shared Socioeconomic Pathway”, = denotes the pathway number
and y for the level of obtained radiative forcing by 2100). If we reach net zero state,
where we do not emit more GHGs than what is removed, only by the year 2070, we
might face future of just under +2°C by 2100 (scenario “SSP1-2.6”). Finally, if we
are able to reach net zero by 2050, it is estimated that we will have just under +1.5°C
by 2100 (scenario “SSP 1-1.9”). These numbers refer to all GHGs, on Figure we
see separation into COy and methane.

In terms of the impact these temperature changes would have, every 0.1°C matters.
There are vulnerable environments both in the animal kingdom in land-based and
oceanic ecosystems (for example warm water corals) and for us as human society.
These impacts are expected to be the worst for vulnerable populations. Impacts on
the irreversible losses of biodiversity, costs stemming from food insecurity and losses
in agricultural yields and costs connected to estimated medical treatments due to
pollution are vast and all-encompassing.

While COs is the largest contributor to global warming, methane closely follows
as the second one. As is detailed in the United Nation’s Methane Assessment Report
[Kuylenstierna et al., 2021], methane emissions come from a mixture of sources, some
natural and some anthropogenic. A significant source of pollution comes from leaks
in the oil and gas industry and the used infrastructure (pipelines and storage tanks).
These are however relatively easy to fix, once the information about the breakage
is known. For this, an early warning system is needed. Satellites provide a unique
source of potentially global information - and in fact detection made by Remote
Sensing instruments already lead to fast fixes of the detected leaks as early as in 2016
during flights of the AVIRIS-NG sensor as reported in [Duren et al.,2019]. Published
research of [Irakulis-Loitxate et al) 2022] which used archival data and detected some
of the largest methane leaks in the history has led to new policies being made and
countries joining the Global Methane Pledge. Signed countries aim is to reduce their
methane emissions by 30% by the year 2030 in comparison with the 2020 levels. For
context, in Figure it is shown that global methane emissions need to be reduced
by 34% of 2019 emission levels by the year 2030 to limit global warming to +1.5°C.
This reduction will need to continue to about 44% by 2040. By year 2050 this would
mean a reduction from 400 Mt released per year to about 200 Mt per year. Net zero
in COy will likely be reached before other GHGs, due to the long effect of some hard
to abate residual GHG emissions.

Reduction of methane emissions needs to be one of the priorities, however other

efforts to reduce other GHGs in the atmosphere also need to be taken. Methods
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Figure 2.5: Illustration of the presence of methane signal (shown through the methane
transmittance) in comparison with the bands available in commonly used satellites.
For clarity the hyperspectral sensors of AVIRIS-NG and EMIT, show the central
wavelengths, while for the multispectral instruments of Sentinel-2 and the WorldView-
3, we show the whole band ranges in the short-wave infrared (SWIR) region.

developed to detect one gas could be used for detection of others [Thorpe et al.,
2023]. New efforts are being undertaken also with launches of new satellite missions
(in the private sector and also space agencies around the world) and with policy work
taken by governments and non-governmental actors. Imaging spectrometers used to
detect methane were for example highlighted as one of the important observables for
future NASA’s missions in the Decadal Survey for 2017-2027 [NASEM, 2019]. This
complex challenge needs to be tackled by experts from multiple disciplines and people

from around the world.

2.4.2 Methane visibility and sensor considerations

Methane is a greenhouse gas (GHG), which is transparent to human eye, it is how-
ever visible at several other wavelengths outside of the optical range using specialised
instruments. How well can these instruments detect methane depends on their spec-
tral range and resolution in the relevant areas. Figure |2.5|illustrates this by showing
the methane gas signature (estimated in [Rothman et al., 2013] and for visualisa-
tion sampled at points typical for the selected sensor) in comparison with spectral
ranges observed by selected satellites. Multispectral instruments tend to have fewer
bands overlapping with areas where methane is visible, and coarser spectral reso-

lution, meaning that often other confounding materials will be visible as well. In
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contrast, hyperspectral instruments usually provide a much more refined view of
methane simply by having bands with narrow widths in areas with largest visibility o
methane. This is namely the peaks between 1600-1800nm and 2100-2500nm. Details
about other satellites relevant for detection of methane are in the Section 2.2.1] and
in Table 2.1 While some hyperspectral sensors specialised for methane detection
follow the strategy of sampling images at very specific wavelengths (for example the
GHGSat or the more recent MethaneSAT with spectral range zoomed into approxi-
mately 1600-1680nm), often with very narrow bandwidths, other general-use satellites
sample at full VSWIR ranges and remain usable for other types of tasks (for example
the AVIRIS, EnMAP, PRISMA and the newer EMIT and Tanager-1 sensors).

In cases of poor intersection between the satellites spectral range and methane
signal, multi-temporal captures can be used to boost visibility of methane (assuming
that there are only few changes on the ground of the scene) - sensors with high
temporal cadence can somewhat counter low visibility due to spectral range (this is
the case of for example Sentinel-2 or Landsat-8 satellites) [Varon et al., [2021].

We also differentiate between the types of methane mapping instruments depend-
ing on the ground resolution of the sensor. While for example the Sentinel-5P sensor
with ground resolution of at best 3.5-7 km? can be used for global mapping and
modelling of global trends, sensors like AVIRIS-NG with 3-10m or EMIT with 60m
provide enough details for local mapping sometimes referred to as point source es-
timate. With these sensors, each individual methane plume can be detected and
outlined. Finally, some sensors aim in between these two extremes, to be used for
area monitoring such as for example the upcoming MethaneSAT satellite with ground
resolution of 100x400m.

Multi-sensor systems could be used to detect areas with suspected elevated methane
concentrations using global mapping instruments, zoom in with captures from area
mapping instruments and finally detect individual plumes with high resolution data
of local mapping instruments. This setup is sometimes used manually when searching
for real-world methane leaks as illustrated by [Pandey et al.,|2023} Schuit et al.,[2023].

2.4.3 Methane detection pipeline

We can broadly differentiate between several tasks of interest in the methane detection
pipeline as illustrated on Figure 2.6, We will mostly focus on tasks connected to
high resolution instruments, where individual methane plumes can be detected and
outlined. Given an input datacube (of multispectral or hyperspectral data), we can

first consider the task of classification into categories of “plume” and “no plume” for

31



Datacube Clesitesitom Semantic Instance Regression Source Source Sequential
EIECIIDE GSSIuCabIo Segmentation | Segmentation CERCSSI0 estimation attribution Modelling
c "Plume" plume A: @x past observations
38144380 kg/1
or e ' X o % - % - |:‘
T "No-plume" plume B: W~ U next
T 1228+122 kg/h Koo st

Figure 2.6: Outline of hypothetical methane detection pipeline showing the individual
steps and their formalisation as machine learning tasks. Shown plume shapes and
their quantification are just examples.

the whole considered tile. A more refined approach could also distinguish between
plume sizes (for example by dividing emissions into subclasses such as “weak” and
“strong” plumes - similarly as one could differentiate between different types of cloud
cover [Aybar et all 2022]). Both of these could be approached for example with
CNN type models and would be similar to image classification tasks (for example
[Krizhevsky et al., |2012] and others).

The most common task is however to detect pixels belonging to the methane plume
leak, which can be formulated as semantic segmentation (for example in Chapter
and |Ruzicka et al.,[2023b]). Potential output of the semantic segmentation model can
be converted into a per-tile classification using thresholds on the number of active
pixels. Following trends from Computer Vision, models for instance or panoptic
segmentation |Kirillov et al, [2019] could be used to differentiate multiple plumes
detected on a single input tile. We note that while these are not too common in real
datasets, some samples with multi-plume complexes appear. For each instantiated
plume, source point estimation could be used to detect its origin and automated
source attribution to a specific a priori known oil and gas infrastructure could be
estimated [Guisiano et al.l 2023].

Finally, for each individually detected plume, an emission quantification could be
used to estimate the size of the methane leak in kg/h. We note that quantification
could also be ran across the entire tile. Model presented for example in |Joyce et al.,
2022] uses a series of separately trained machine learning models on a subset of
these tasks. They first consider the task of semantic segmentation, then predict per-
pixel concentrations and finally a per-tile classification and regression. We note that
methods for multi-task learning employed in Computer Vision research [Kokkinos,
2017 could be used to boost performance of each individual task.

Lastly, we can consider a separate task of sequential modelling when dealing with
data of high temporal cadence, but usually low ground resolution to provide fore-

casting capabilities previously explored in climate modelling research [Eyring et al.,
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2024; Rasp et al., 2018] with models such as |[Lam et al.,[2022] or the recent [Schmude
et al., [2024].

2.4.4 Classical methods

As classical methods we denote those that do not leverage machine learning in order
to detect methane plume. We note that many machine learning approaches leverage
the outputs of these classical methods and use them as classically computed input
features and only few use all bands of the input data in a deep learning manner (a
detail which is explored in Chapter [5).

Methods used with multispectral data typically leverage band ratios between
bands that are in and out of the expected methane signal regions. These meth-
ods could be used with a variety of sensors, we will use the example of Sentinel-2
bands. As shown on Figure [2.5] the band B12 is in an area with a strong overlap
with methane signal, while B11 has lower overlap. We could therefore use the dif-
ference between these two bands (computed as a ratio, optionally with a matching
parameter to map the typical values of the two bands onto each other) as a potential
measure of methane signal. This exact setup has been named the multi-band single-
pass retrieval in [Varon et al., [2021]. Tt further introduces the multi-pass retrievals,
which use bands from an earlier data capture by a satellite. Another type of band
ratios has been proposed by the work of [Sanchez-Garcia et al., 2022], where multiple
bands outside of the methane signal range are used to simulate a single band inside
the overlap with multiple linear regression (MLR). Finally, the simulated and truly
observed data is then compared using a ratio. We provide more details about these
multispectral classical methods in Section where we implemented both ratio
products and explore their suitability as baselines - in most cases they are quite noisy
and require manual intervention or further processing by a machine learning model.

Methods using hyperspectral data include two main families of methods. First
family of methods is based on the matched filter approach, which processes data in
a pixel-by-pixel manner and compares each pixel with an estimation of the scene
background using a covariance metric. The isolated anomaly signal is computed for
all spectral bands and then compared against the known or estimated signature of
methane. The basic matched filter product tends to have false positive detections
due to confounder materials with similar spectral signatures as methane. Iterative
variants of the matched filter are proposed as the maglc method in [Foote et al.,
2020]. More practical details about this method are in Section [4.5.2 where we im-

plemented it as one of the baselines for comparisons with machine learning models.
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Additionally, wider ranges of used hyperspectral bands are used in the matched filter
variant proposed by [Roger et al. 2023].

Second family of methods could be considered as physics based, as they leverage
radiative transfer models to simulate changes in radiation due to several absorbers
in the atmosphere - the simulated at sensor radiances are then compared with the
observed data. The so-called differential optical absorption spectroscopy (DOAS)
algorithm was developed by [Platt, [1994; Platt & Stutz, 2008|, and later improved
as the weighting function modified variant (WFM-DOAS) by |Buchwitz et al., [2000]
and as iterative maximum a posteriori variant (IMAP-DOAS) by [Frankenberg et al.,
2005]. These have then been used with the data from AVIRIS sensor in [Thorpe et al.,
2014] and AVIRIS-NG in [Thorpe et al., 2017].

For plume quantification, the most commonly used approach is the integrated
mass enhancement (IME) method which is in detail described by [Varon et al., [2018]
and used by prior works such as [Frankenberg et al., [2016]. More recent works such
as [Chulakadabba et al.,|2023] propose further adaptations to the method. This IME
method uses wind information alongside with plume length estimated from manually
created detection. As the wind data is often not available when using satellite imagery,
the the Ujp NASA GEOS-FP reanalysis product of [Molod et al., 2012 is often used,
as was also done in [Varon et al) 2021]. Alternatively, when only coarse information
is needed, the ERA5 product [Hersbach et al.l [2020] can be used as in the case of
[Vanselow et al., [2024], which used Sentinel-5P (TROPOMI) data. Many authors
consider these wind products to hold a large degree of uncertainty [Tiemann et al.,

2024], which propagates into the plume quantification predictions.

2.4.5 Deep learning approaches

Table 2.4]lists several machine learning models used with multispectral satellite data.
Given the lack of large annotated datasets, most works rely on simulated data using
real plume shapes from other datasets, simulation tools such as the Large Eddy
Simulation (LES) or simpler, but faster simulation methods such as the recent work
of [Rouet-Leduc & Hulbert), 2024]. Few works also leverage multi-temporal data such
as [Vaughan et al. 2024a; Rouet-Leduc & Hulbert, [2024].

Table lists selected machine learning models used to process hyperspectral
data. We note that most approaches leverage some kind of methane enhancement
product, either in the shape of a matched filter, or another output of a classical
method. Given the lack of annotated data due to large amounts of manual labour
required and few publicly available data sources (as indicated by Table , only
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Table 2.4: Selected machine learning models used to detect methane in multispectral
data. “P.” refers to whether the data has been made publicly available (Y=Yes
/ N=No / R=Request). “C.” refers to coverage, we differentiate between broad
categories of local (L) and global (G).

Paper, year Sensor ML model used Data simulated P. C
[Kumar, 2022] S2 Transformer yes, with LES N L
[Zortea, 2023 S2 ResNet yes, with HYSPLIT N L
[Radman, 2023]  S2 CNN regression yes, with LES R L
Ch. WV-3  U-Net yes, from real HSI data Y L
[Vaughan, 2024b] S2 U-Net no Y L
[Vaughan, 2024a] S2 U-Net real & simulated Y G
[Rouet-L., 2024]  S2 U-Net yes, Gaussian plumes N G

Table 2.5: Selected machine learning models used to detect methane in hyperspectral
data. We note that most models use either a matched filter or similar methane
enhancement products as the input - this is marked in the table in colum “MFEF”
(Y=Yes / N=No / S=Similar). “P.” refers to whether the data has been made publicly
available (Y=Yes / N=No). “C.” refers to coverage, we differentiate between broad
categories of local (L) and global (G). SF refers to SegFormer and EV EfficientViT.

Paper, year Sensor Model Data simulated P. MF C.
[G.A., 2022] PRISMA U-Net yes, from S2 N Y L
[J.S., 12022 AVIRIS-NG CNN regress.  yes, with LES N Y L
[Joyce, 2022]  PRISMA U-Net, ResNet  yes, with LES N N L
[Kumar, 2023| AVIRIS-NG ~DETR no Y Y L
Chly] AVIRIS-NG, EMIT  U-Net no Y Y L
[Schuit, 2023  TROPOMI CNN classifier no Y S G
[Jahan, [2024|  AVIRIS-NG VGG regress.  yes, with LES N Y L
[Bruno, 2024, GHGSat-C1 U-Net yes, with LES Y S L
Chpp| EMIT SF., EV. real & simulated Y N G
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some works use data globally sampled from around the world. Only more recent
works tend to release their datasets publicly.

Finally, we note that some machine learning models were used specifically for
methane plume quantification, these include [Jongaramrungruang et al., 2022 Joyce
et al., [2022; Radman et al., [2023; [Bruno et al., [2024; |Jahan et al.l 2024]. These typi-
cally frame the problem as a regression task and approach it with a CNN-like model.
As reliable plume quantification data is limited (and controlled releases are rare and
hard to organise at scale [Thorpe et al., 2016} Sherwin et al., |2023]), these works
usually rely on simulated data products (where the plume quantification is also the
input provided to the simulator). As is highlighted by the overview of [Tiemann et al.,
2024], most of the used models don’t directly encode wind information (particularly
due to the large uncertainties present in this information). We note that this would
further add a dependency on a product which might be difficult to obtain or estimate
while on-board of a satellite.

More details about the current state of the art in machine learning models used
for methane detection is also provided in Section [5.2] We also refer the reader to the
overview work of [Tiemann et al., 2024] which explores machine learning models used

for the task of methane detection.

2.5 Machine Learning for Remote Sensing

In this section we cover some of the high level topics concerning using Machine Learn-
ing models with Remote Sensing data. For more details we refer the readers to several
overviews of using Deep Learning techniques for applications in Remote Sensing in
[Ball et all 2017], specifically classification tasks in [Maxwell et al., 2018] and an
overview of Machine Learning applied to tasks related to Climate Change in |[Rolnick
et al., 2022]. The recent overview of [Tuia et al., 2024] further provides information
about some active areas of research at this intersection.

Remote sensing data differs from the data used in typical computer vision research,
most notably by having a non-standard number of bands. Furthermore, each sensor
has its own specific ground resolution (how many meters on the ground are captured
by one pixel) and also different spectral response for each band. Therefore, while
most computer vision models generalise across different sensors, in remote sensing we

often encounter different models tailored for each satellite.
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2.5.1 Example models used with Remote Sensing data

As in other disciplines, classical methods are being replaced by shallow or deep ma-
chine learning based approaches, in some cases post-processing the different classical
features, in other by building end-to-end deep learning architectures which derive
their own feature representations. Given the heavy spatial nature of the data (neigh-
bouring pixels typically matter a lot in images from a satellite), we will focus on the
task of semantic segmentation, which uses spatial data on both input and output
sides of the model. This means that each pixel is assigned a single label (discrete,
or continuous value), which is informed by the nearby pixels. Furthermore, data of
nearby pixels gets processed together, usually tiled into spatial and spectral cubes of
data.

One of the commonly applied machine learning model for remote sensing data
is the U-Net architecture [Ronneberger et al., [2015], which has encoder and decoder
networks connected by skip-connections alongside different encoding levels. Each level
considers data at progressively decreasing resolution, these eventually get reduced to
create a bottleneck feature, and then reconstructed into the original spatial resolution.
The architecture for the encoder network is usually reused from various classification
models, retaining only the convolutional, input resolution independent section of the
model.

More recently, the Transformer architecture [Vaswani et al., 2017] has been widely
adapted as an innovation over the previous convolutional neural network (CNN) based
architectures. The original Transformer architecture was later adapted to the task of
semantic segmentation by several models [Zheng et all 2021; [Wang et all 2021} Xie
et al), 2021; (Cai et al), 2023]. For example, the SegFormer architecture [Xie et al.l,
2021] uses Transformer blocks inside a similar layout of encoder-decoder networks with
similar connections across different resolutions. Interestingly, the input resolution of
the SegFormer model doesn’t match its output resolution. Instead, in one of the first
layers of the model, the resolution is downscaled by the factor of 4. This is done
consciously to prevent the model from having large memory requirements, but the
impacts on the results are not fully addressed. While this could negatively impact the
detection capabilities of tiny objects (for example smaller than the 4x4 pixel region),
this is perhaps not fully reflected in the used benchmark datasets.

Current state-of-the-art models for semantic segmentation include the relatively
lightweight SegFormer [Xie et al. [2021], fast EfficientViT [Cai et al. 2023], multi-
task OneFormer [Jain et al.l 2023], SegNext [Guo et al) [2022] and others - more

details including results on Computer Vision benchmark datasets are provided in
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the overview of |Li et al., 2024]. We note that for our work, which is interested in
deploying the trained machine learning models on-board of satellites and low compute
devices, we will often use smaller encoder versions of these models and prioritise faster
inference speeds over few percentage increases on benchmark datasets.

Despite the intended spectral dimensionality, which is typically 1 or 3 bands
(grayscale or RGB), these architectures can be used with remote sensing data af-
ter some small adaptations in the code. These will typically consist of adjusting the
desired number of features after the initial convolutional layers. We note that two
things can happen here - either we maintain the same number of channels as we
were given by the original architecture, or we try to increase them according to the
increase of the spectral bands on the input. In the extreme scenarios we either force
a too strict bottleneck, which will lose useful data, or we create a too large volume
of features which will cause memory problems further down the line in the architec-
ture. Naturally, we are interested in more domain inspired alterations to the machine

learning architectures.

2.5.2 Model adaptations for Remote Sensing data

Research in machine learning models applied to the area of multispectral or hyper-
spectral data proposes some adaptations to the general architectures. Some works,
including [Firat et al., 2022] for classification of hyperspectral images, first reduce the
dimensionality of the data by running a PCA for each pixel. This approach however
loses a lot of information in the preprocessing step and as such would not be applica-
ble for tasks with hard to detect events. Other works, such as [Jongaramrungruang
et al., [2022] use classical domain specific methods to extract a single band of infor-
mation (in this case also a methane enhancement product), which is later processed
by a regular convolutional neural network.

The work of [Niu et al., 2022] proposes a hyperspectral variant to the TransUNet
architecture [Chen et al. 2021] when working with hyperspectral data from a UAV
drone. To address the high spectral dimensionality of the data, it uses the Squeeze-
and-Excitation layers [Hu et al., 2018], that allow the model to re-weight each band on
the input of each layer. The reported work however uses a relatively small dataset with
only two data captures (2332x959 px and 864x1618 px) and a random checkerboard
split between the train and test datasets, which means that very similar samples end

up in both subsets.
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The model proposed by [Sun et al.,2019] uses an array of 1D convolutional layers
with kernel size of 1x1, which first processes the data only in its spectral dimension.
The paper however tests this model only on the tiny Pavia University dataset.

The SpectralFormer model proposed by |[Hong et al. 2021] focuses on the same
task using the datasets of Pavia, Indian Pines and Houston - we however note that
these remain very small.

The work of [Kumar et al., 2023] uses a custom model adapted from the DETR
[Carion et al., 2020] architecture. It ingests hyperspectral data with multiple encoders
as: RGB, computed methane enhancement product and 100 selected bands in the
range where methane is visible. Each of these is projected by a ResNet model into
a feature representation. On the output it predicts both the bounding boxes and
the masks of the detected events. The efficiency of the used methods is however not
addressed in this work.

Works such as [Cong et al., 2022] adapt the masked autoencoder (MAE) archi-
tecture to remote sensing data by masking individual bands and individual samples
in a time-series. They later use the model for downstream tasks as a self-supervised
feature extractor.

The work of [Fuchs & Demir, 2023] presents a large dataset of hyperspectral
images from the EnMAP sensor, and explores different variants of autoencoder models

(including adaptations with 1D convolutions) for the task of image compression.

2.6 Systems in compute constrained environments

We can very broadly differentiate between different types of compute constrained
environments. While on-the-ground edge devices [Murshed et al., [2021] such as cam-
era traps are stationary and typically use Computer Vision sensors and processing
pipelines, devices on satellites or in deep space exploration missions may either be
orbiting a planet with a certain revisit time or may be driving on one. These have
unique sensor types, either specialised for an application of interest, or general remote
sensing ones which can support a number of potential applications. Furthermore,
hardware used in space needs to be radiation resistant or hardened [Furano et al.,
2020; Kothari et al., [2020; Parr et al., 2024].

2.6.1 Autonomy on-board

In this section, we list several selected deep space and Earth orbiting missions and

provide details about the hardware used on these platforms. Due to harsh Space
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Table 2.6: Example missions in Space with autonomy on-board of limited compute
hardware. Details filled when publicly known. References were shortened for legibility
as well as the number of cores available in the CPUs (for example 2¢ means 2-cores).

Mission Year Methods or tasks Parameters RAM
Rovers

Opportunity 2004 AEGIS, VO [2012] RADG6000@20MHz 128MB
Curiosity 2012 VO, hazards, ... [2020] RAD750@200MHz 256MB
Perserverance 2021  Navigation, ... [2023 RAD750@200MHz, Xilinx V5QV 256MB
Ingenuity 2021  Navigation, ... [2022] Qualcomm Snapdragon 801

Satellites

EO-1 2000  SVM, minerals [2006}[2012] Mongoose V@12MHz 256MB
IPEX CubeSat 2015 RF [2015a] Atmel AT9ISAM9@210MHz

OPS-SAT 2020 ML demos (2024 2c Cortex-A9@800MHz, Cyclone V. 1GB
PhiSat1 2020 CNN, clouds [2021} 2020 Details N/A, Myriad 2

PhiSat2 2024 ML demos [2021] Details N/A, Myriad 2

ION SCV-003 2021 Floods mapping [2023] 4c 64-bit CPU, Myriad X 2GB
ION SCV-004 2022 Training [2023a], [2022] dc GX-412HC@1.2GHz, Myriad X 2GB
Europa Clipper 2030 SVM & RF 2019 Estimated: RAD750@200MHz

Space station

ISS 2022 Image processing [2022] Snapdragon 855, Adreno 640

environment, many missions reuse the same radiation hardened devices and bespoke
highly reliable solutions. As is noted by [Furano et al. 2020], some commercial off-
the-shelf (COTS) devices have also been recently tested for Space applications with
vastly higher demonstrated compute capabilities.

Table shows the list of devices and missions in space demonstrating autonomy
on-board, some of these devices can also be considered as COTS. Meanwhile Table
lists several COTS devices typically used outside of space environments for on-
board processing and autonomy. We note that some of these have been proposed for
deployment in space only for mission non-critical applications in [Lofqvist & Cano,
2020; Guertin, 2022]. We also highlight that several of the so-called COTS devices
were also used in real-world missions in space [Furano et al., 2020], namely the Intel
Movidius Myriad chips which are used in a number of missions (ION SCV satellites
by D-Orbit, Phi-Sat satellites by ESA) or the Qualcomm Snapdragon accelerators
typically used in mobile devices, which were recently tested in the Ingenuity helicopter
[Tzanetos et al), 2022] on Mars and for various experiments on the International
Space Station (ISS) [Swope et al.,|2022]. This list is not exhaustive, for other devices
used in non-space environments for Internet of Things (IoT) and other on the edge

applications we refer the reader to [Murshed et al 2021].
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Table 2.7: Commercial off-the-shelf devices with hardware specifications. Locally
used abbreviations include: RasPi for Raspberry Pi., Jet. for NVIDIA Jetson and
TC for Tensor Cores. Number of CPU cores was also shortened (for example 2c
means 2-cores).

Device Year CPU VPU/GPU RAM
Xilinx Pynq 72 2011 2c Cortex-A9 @ 650MHz FPGA 512MB
RasPi 3B+ 2018  4c Cortex-Ab3 @1.2-1.4GHz VideoCorelV @250MHz 1GB
RasPi 4B 2019  4c Cortex-A72 @Q1.5GHz VideoCorelV @Q600MHz 8GB
RasPi 5 2023  4c Cortex-A76 @2.4GHz VideoCoreVII @R00MHz 8GB
Jet. AGX Xavier 2018 8c Carmel @2.265 GHz GV10B GPU (16GB) 16GB
Jet. Nano 2019  4c Cortex-Ab7 @1.47 GHz Maxwell GPU 4GB

Jet. Orin Nano 2023  6¢ Cortex-AT8AE @1.5 GHz  Ampere GPU, 16 TC 4-8GB
Jet. AGX Orin 2023  12c Cortex-A78AE @2.2 GHz Ampere GPU, 64 TC 32-64GB

Early example of [Castano et al., 2006] demonstrates a deployed SVM classifier
working on-board of the Earth Observer 1 (EO-1) spacecraft as part of the so-called
NASA’s Autonomous Sciencecraft Experiment (ASE). The processing runs on a pay-
load processor equipped with radiation-hardened Mongoose V CPU (12 MHz and 256
MB RAM) and the Hyperion imaging instrument. It has shown that a learnt SVM
model can outperform other more manually tuned algorithms and that it can run on
near-raw, only partially processed data (so-called level 0.5 which skipped some pro-
cessing steps used when converting raw data of level 0 into processed data of level 1
[Barry|, 2001]). Later in [Thompson et al., [2012] mineral detection was performed on
the same hardware using a pipeline of classical algorithms for superpixel endmember
detection.

In comparison, a follow-up work conducted by [Thompson et al., [2015a] on the
smaller Intelligent Payload Experiment (IPEX) CubeSat spacecraft carrying a cheaper
radiation non-hardened Atmel AT91SAM9 CPU (210 MHz), used a trained random
forest classifier to differentiate between clear, cloudy, planetary-limb or outer-space
pixels to allow for filtering of captured data samples (for example selecting pictures
with a threshold on how many clear pixels it contains).

The work of |[Estlin et al) 2012] describes the hardware available on board of
the Mars Exploration Rover (MER) mission Opportunity equipped with “The Au-
tonomous Exploration for Gathering Increased Science” (AEGIS) targeting system
which aids with rock selection from images captured by MER Panoramic camera for
follow-up ChemCam spectrometer measurements. The Opportunity rover hosted a
radiation resistant RADG6000 flight processor (with 20 MHz and 128 MB RAM) with
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requirements for the AEGIS system to use at maximum 4 MB RAM not to interfere
with its other systems. The reported processing typically took less than 15 minutes
(while on a modern personal computer of that time it would take less than 1 sec-
ond). It uses the Rockster edge detection algorithm to find rocks and a series of user
specified attributes to prioritise the final target. Meanwhile the newer Mars rovers
Curiosity (active since 2012) and Perserverance (active since 2021) are equipped with
the RAD750 CPU (with max clock rate of 200 MHz). Perserverance is furthermore
equipped with another set of CPUs and the Xilinx V5QV FPGA for computer vi-
sion tasks for navigation [Verma et al) 2023] - and is accompanied with the Mars
Helicopter Ingenuity [Tzanetos et al), 2022 which uses Qualcomm Snapdragon 801
on-board (which is technically more powerful than the processor of the Rover itself).
Usage of FPGA’s as technology for data processing in space missions was further
explored in |Guerrieri et al., 2018].

The planned on-board detection of scientifically important events for the Europa
Clipper mission [Wagstaff et al) 2019] considers the same radiation robust RAD750
CPU (with max clock rate of 200 MHz) and plans to use SVMs and Random Forest
classifiers instead of deep learning neural networks given the hardware restrictions.

More recently, deep learning methods have been considered by the water segmen-
tation model deployed on board of the Phi-Sat 1 experimental spacecraft, which is
capable of running a fully convolutional neural network (FCNN) designed with only
0.26M parameters on board of the Intel Movidius Myriad2 visual processing unit
(VPU) while processing a 12 MP image in less than 1 minute [Mateo-Garcia et al.,
2021]. It is shown to outperform two tested baseline methods based on the normalised
difference water index (NDWI) thresholding and a per-pixel linear model. Machine
learning models were also proposed for the demonstrator mission of the follow-up
Phi-Sat 2 satellite [Marin et al., 2021].

Finally, our own work from Chapters [3| and [5] has been deployed on limited hard-
ware machines to measure inference speeds of the proposed machine learning models.
Both use the so-called Unibap’s SpaceCloud Framework (SCFW) software environ-
ment |[Flordal et al) 2021], which works similarly as a Docker environment allowing
relatively easy deployment of python trained models. The software environment is
furthermore run on the flatbed devices using the SpaceCloud iX5-100 radiation toler-
ant environment. This gives us a unique chance to test models on a realistic hardware,
which has been flown in space. Similar hardware was also used for running machine

learning models on previous demonstrator missions in [Mateo-Garcia et all 2023].
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Platforms with higher compute power such as SpaceCloud iX10-100 were also consid-
ered in the recent work of |Gémez & Meoni, 2024] for on-board image compression

using machine learning models.

2.7 Efficient machine learning

Crucial when considering autonomous models on-board of deployed devices are the
limitations stemming from the computational power available, acceptable energy con-
sumption over the lifetime of the mission or the cyclic nature of availability of renew-
able energy sources (for example solar energy on some deployed devices). These are
even more highlighted in the case of deep learning models, which may often con-
tain unique features not available otherwise, or may outright outperform traditional,
non-deep learning methods, however, have increased requirements for hardware spec-
ifications.

Quite exciting is the research in the EdgeML area, which explores how we can
minimise the existing deep learning models and make them available for on-the-edge
devices - the more extreme version of this research is TinyML, which focuses on ultra-
low-power devices such as Internet of Things (IoT) devices. In our work we use the
definitions for EdgeML and TinyML as given by the overview work of [Lin et al.,
2023] - further details about the definitions of efficiency are explored in Section [2.8

When considering which methods to use to optimise the used ML model, we
should also consider the available hardware specific to each of the missions, which
can range from very compute-limited devices (for example space radiation resistant
flight processors) to more powerful devices having their own specialised compute units
to perform demanding operations (for example the GPU or specialised Tensor core
processing units on mobile devices). We note that in most cases relevant to our work,
we do not need to aim at IoT devices as the target platform and that hardware on-
board of typical satellite is more powerful [Furano et al., 2020]. As such, we would
be able to deploy models designed for Mobile Platforms such as MobileNets [Sandler
et al 2018], ShuffleNets [Ma et al.,|2018], but also the more recent EfficientViTs [Cai
et al., 2023] on the relevant hardware.

We understand machine learning model efficiency mainly in terms of reducing
inference speed while fitting into constrains defined by the hardware limitations (such

as memory) and the device’s power budget.
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2.7.1 Machine learning techniques

The overview of [Verhelst & Murmann| 2020; Menghani, 2021] and the feature piece
by [Lin et al., 2023] highlights many options for making deep neural networks more
efficient and allows them to be used on-board of low-compute and low-energy devices.

As listed by |Lin et al) 2023], we can broadly differentiate between software (e.g.
software implementation of a more efficient computation of convolution operations),
hardware (e.g. inference engine built with a certain hardware capability in mind) and
systems solutions (e.g. frameworks such as TensorRT or OpenVino not depending on
Python and allowing for efficient inference independent on the used library).

Over the past years, model architectures became more and more efficient by de-
sign, motivated by allowing larger models capable of learning from bigger datasets.
This was the case with designing more efficient reused building blocks in Inception
net [Szegedy et al., 2015], Xception net |[Chollet, 2017], or the introduction of residual
connections in ResNet [He et al2016]. These advances allow for more efficient model
architectures, but also for better distribution of which concepts are learnt at which
part of the neural network, as can be exemplified by using residual (skip) connections
in U-Net models [Ronneberger et all 2015]. We can propose alterations to some of
these original machine learning architectures to make them more efficient according
to the task we deal with. The simplest example of this would be the reduction of the
number of convolutional channels, or layers of reused blocks in some of these models.

Additionally, model quantization, reduces the precision point of the used opera-
tions and the saved weights [Han et al., 2015a; Rastegari et al) 2016]. This can lead
to smaller model impact not only on storage space, but also on energy required to run
these networks [Moons et al, [2017]. More recent research by [Xiao et al., [2023] fo-
cuses on the extreme end of quantization of large language models (LLMs), which can
have many billions of parameters and where the prior used methods weren’t capable
of maintaining accuracy.

Model pruning is another efficiency technique which removes nodes in the network
with low impact on the overall model’s prediction [Han et al., 2015b; He et al., 2017].
The resulting pruned networks however need adapted inference engine to make use
of their sparsity [Han et al., [2016].

Other approach is to consider a larger trained model as a teacher and train a
smaller student network which distils the knowledge in a more efficient manner [Hinton
et al., [2015].
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Alternative approaches try to speed up matrix-matrix multiplications in convolu-
tion with custom implementations |[Zhang et al., 2018] or by applying tensor decom-
position [Lebedev et all, 2014].

The proper functioning of all mentioned techniques is highly interconnected and
might need to be explored at the same time, which is where the concept of AutoML,
automatic exploration of the search space of possible model architectures [Liu et al.,
2018], can be useful also for searching for efficient and easily deployable models on
devices with limited compute capabilities [He et al., 2018].

As highlighted by [Lin et al., 2023], EdgeML and TinyML doesn’t only concern
model inference, but also model training. We touch upon a similar topic in Chap-
ter |3| when training small models on-board of satellites leveraging few-shot learning
paradigms, where only few samples are needed to train a model (this depends on
having a pre-trained model with qualitative embedding space). One common method
is to rely on features of pre-trained models such as [Sharif Razavian et al., [2014] and
to fine-tune few layers for the task at hand on the edge device. Other works such
as [Chen et al. 2016] propose more efficient backpropagation algorithm implementa-
tion at the cost of increased training time. Recent works such as [Wang et al., [2022]
propose memory efficient training for mobile devices.

Finally, embedded ML may benefit from custom made processing units such as
Nvidia’s Tensor Cores [Markidis et al.,[2018], or more relevant for TinyML, even more

customised processors [Moons et all, 2019).

2.8 Definitions of efficiency

What do we mean when we talk about “efficiency”? In the works presented in this
thesis, we usually have a relatively concrete idea of which model or which algorithm
we want to run on which platform. Our needs and targets are quite specific and
binary - can this model run, or not? However, as we listed in Section [2.6] there are
many different devices in use, each with their unique constraints.

The work of [Furano et al., 2020] provides a very useful overview of typically
considered parameters in satellite and deep space missions and also mentions several
parameters unique for the deployment of machine learning models. Traditionally, we
consider the size, weight and power (SWaP) of the system. Size and weight directly
influences the cost of launching satellites and the available power budget influences
the devices that can be used on the system. All recent overviews [Furano et al., 2020}

Swope et al., [2022; |Kothari et al., [2020] agree on the fact that we are entering a new
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era of space hardware, where commercial off-the-shelf (COTS) hardware achieve much
better characteristics in terms of SWaP than traditional satellite missions relying
on bespoke and custom made hardware. For that comparison [Furano et al., 2020]

suggests a calculation based on the following:

performance [Mpixel/s| / weight [kg] / power [W] / cost [$] (2.1)

A small satellite mission will have a much better score than a traditional satellite.
We however note that the “performance” parameter is at best approximative - an
example of 600 MHz Myriad 2 chip is given as capable of processing at the speed of
600 Mpixel/s. However, this number naturally depends on the used algorithm and
other system conditions (such as speed of input / output). Nonetheless, we see that
measuring inference time needed for processing a given image size is an informative
metric - this allows us to consider “efficiency” in similar terms.

Parameters of these systems need to be considered together as they are highly
interdependent. While the usual tradeoffs between accuracy and speed of the used
algorithm applies, in some cases, allowing potentially costly on-board processing can
actually save the costs of the overall system, if a useful decision can be taken. For
example in the case of the Perseverance rover [Verma et al) [2023], an OnBoard
Planner (OBP) system can adjust the daily planned tasks (such as where exactly
to drive, managing pre-heating of required instruments and others) on-board and is
estimated to save the overall energy cost and effectively allow longer rides. There are
costs associated to running this system that are lower than these estimated savings.
Another example could be data compression on-board, as mentioned by |Kothari
et al., [2020], power costs linked to data transmission can be lowered by using a
deep learning model for lossy data compression. In these two examples, if we care
about power costs, running extra computations can actually be more efficient. The
considered algorithm classes naturally need to follow the hardware available on each
mission - for example the tree search algorithm planned for the Perseverance rover is
adjusted to not allow backtracking to keep the computation time linear [Verma et al.,
2023|.

In addition to the usually considered parameters such as SWaP, machine learning
models deployment need to pay extra attention to the available memory budget. Re-
mote sensing images processed on satellites are typically tiled into a non-overlapping
grid and in some cases it is possible to process a larger number of these tiles at once
by processing them in a batch. Therefore, for the deployment, parameters such as tile

size and inference time batch size may have to be tweaked to fit into the specifications
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of the target device. As a general rule of thumb, selecting the largest batch size that
still fits the device tends to be the fastest (up until some number - this is given by
details and limitations of the hardware). However, care needs to be taken when the
same chip is used by other systems on the satellite. In those cases, there may be un-
expected execution delays. We have also experienced these in our work on [Ruzicka
et all 2023a], where executing models on a set aside device has led to more reliable
worst execution time estimates (namely see Figure . As another example, Mars
rovers prior to Perseverance used to have to stop to re-compute visual odometry infor-
mation after each passed meter, while Perseverance is able to effectively think while
driving by having another set of the same processing hardware (RAD750 CPU).

The efficiency of machine learning architectures can also be seen in the view of
the number of samples required for training. For example, in the case of new satellite
missions, finetunning existing models will be preferred over training large foundation
(and usually data hungry) models.

As is also highlighted by [Furano et al., [2020], machine learning models are best
used for specific tasks inside fault tolerant systems. For example predicting a specific
class mask for newly observed images, rather than full control of the entire system.
This is due to the non-deterministic nature of data driven models.

In this work we understand efficiency as the measured inference speed on
devices that form realistic proxies to the final deployed environment. This
should be usable as a means of comparison between different variants of models tested
on the same device, but also to make estimations of the “performance” metric used
by [Furano et al., [2020]. This allows us to build our models as “efficient enough” to
fit under other system parameters - such as the available memory budget or power
costs. Additionally, we deploy our models on several types of devices (from low-
powered to medium-powered with specialised processing units). In most cases we
propose machine learning architectures that are as small as possible (usually in terms
of the number of parameters) - in the spirit of being efficient by architectural design.
Namely, in Chapters [3| and [5| we test different variants of models (using different
encoder sizes and numbers of layers) to explore the tradeoffs between accuracy and

inference speeds.

2.9 Summary

The work presented in this thesis combines three main disciplines - research in meth-

ods, as explored in Section domain specific knowledge explored in Sections [2.2
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and and knowledge of limited compute hardware and deployed systems as explored
in 2.0

Our works aims to innovate mainly in methodology using the particular restric-
tions and unique configurations presented by the tasks such as change and weak signal

detection on-board of satellites.
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Change Detection on Satellites

3.1 Introduction

The main focus of this chapter is the deployment of an anomalous change detec-
tion system on-board of a satellite (Q1) to promote intelligent decision-making
on-board and to enable several downstream tasks. We frame our problem as unsu-
pervised change detection in a time series of images from the satellite’s sensor. In
this case, we use low processing level data from the Sentinel-2 satellite to train our
models.

The context of our work is the global presence of satellites - they observe Earth in
unified manner globally. The uniformity of data capture and the harmonised prod-
ucts allow for observation over a selected location of interest at multiple time steps.
Sentinel-2 has on average about 5 days revisit time. In this setting, we propose a
system which enables detection of changes on-board of satellite, while being agnos-
tic to small natural fluctuations in between data captures due to noise and natural
growth. Previously tasks such as cloud detection for selection of clean samples for
downlinking was tackled with simple machine learning models deployed on-board in
[Giuffrida et all 2020]. More recently, models detecting particular disaster event,
such as floods, were also deployed in [Mateo-Garcia et al., [2021].

Instead, we focus on general anomalous event detection, which would enable the
system to detect any large change observed in the data. We illustrate the question
we are trying to answer on Figure We also explore on-board deployment of our
system, which will enable us to react to detected events of time sensitive nature.

Additionally, we aim to address the question of adaptability of the deployed model
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Figure 3.1: Ilustration of the change detection task on-board of satellite. We show
a sequence of Sentinel-2 images, the most up-to-date one is after a hurricane event.
On the right we show the ground truth annotation.

in scenarios where we for example encounter sensor degradation, or supervision from
other satellites in a constellation.

To summarize, in this chapter we propose a machine learning model based on
the variational autoencoder (VAE) [Kingma & Welling| [2014] architecture, which we

train on a dataset of low level of processing Sentinel-2 data (L1C). We evaluate this

model on the task of unsupervised change detection on a dataset of disaster events
with samples from several distinct event classes (such as wildfires, floods, hurricanes
and landslides). We test the proposed model on low compute hardware and we also
deploy it on-board of a real ION-SCV 004 satellite as part of the Dashing through
the Stars mission by the aerospace company D-Orbit. Figure |3.2] shows the ION-
SCV 004 satellite in a clean environment and a typical attachment style onto the
transponder rocket. On this satellite, we demonstrate the world’s first training of a
neural network architecture on-board of satellite’s limited hardware to explore explore
model adaptation to newly received information.

This research is significant, as it explores real-world limitations of our machine
learning system, and as it enables opportunities for intelligent decision-making on-
board. Detected anomalies can trigger a fast alerting signal which could be sent via a
priority channel, and they can also enable prioritization by downlinking salient data
of interest. As systematically illustrated on Figure 3.3 the traditional processing
pipelines allow detections of events within days, while our proposed method could
enable detections within minutes of the data capture. Latent representation of the
data also reduces storage requirements on-board of the satellite and can be used for

compression when exchanging information in a constellation of satellites.
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(a) ION-SCV 004 satellite (b) SpaceX Falcon 9 Transporter-4

Figure 3.2: Photos of the D-Orbit satellites: (a) shows the ION-SCV 004 satellite in
a clean room and (b) shows the SpaceX Falcon 9 Transporter-4 rocket with a similar
ION-SCV 005 satellite attached (on the left of the image). The SpaceX rocket itself
operates as a carrier through the smallsat rideshare program, while the D-Orbit’s
ION Satellite Carrier Vehicle also eventually launches smaller cubesats when orbiting
in space during the Phase 1 of the mission, while in Phase 2 it runs experiments
on-board of the SCV. Photos by SpaceX and D-Orbit from public posts (a, b).

3.2 Background

We formalise our problem as unsupervised change detection in a time series of data.
Depending on how we frame the problem, we could also use the notation of anomaly
detection and use the relevant methods interchangeably. We provide an overview of
the referred methods and task definitions in Chapter [2 and details about change and

anomaly detection in this section.

3.2.1 Prior methods

Change and anomaly detection has been classically approached by comparing nor-
malised samples in a set of data (one sample against potentially all others in anomaly
detection, or previous sample with current one in change detection). We can broadly
distinguish between classical methods and methods using either shallow or deep ma-
chine learning models. For more details, we refer the reader to overviews of

et all,[2005] and for classical approaches to [Lu et al] 2004].
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Figure 3.3: Illustration of the traditional processing pipelines and the difference that
on-board processing could enable.

Change detection can most easily be considered as a measure of difference be-
tween two samples. With the same dimensionality of the data volumes, we are able
to compute the difference image D = [, — I;, between all pixel values across all
bands. When considering remote sensing data, we may instead use a classical in-
dex representation, for example the Normalized Difference Vegetation Index (NDVI)
which is used to describe the density of the green vegetation on the captured area.
It is calculated as NDVI = % using the near infrared (NIR) and red (RED)
bands of the image (for example with Sentinel 2 data this corresponds to “B8” and
“B4”). The difference image would then be computed between two computed NDVI
indices. Finally, the Change Vector Analysis (CVA) technique has been used with
remote sensing images measuring angle magnitudes and directions of the subtracted
images |Johnson & Kasischke, [1998].

Instead of using the raw data values, shallow machine learning methods for di-
mensionality reduction are often employed to remove noise in the data. We can for
example use the Principal Component Analysis (PCA) [Dunteman, 1989] method for

change detection by making a vector representation of the pixel values between the
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paired images in sequence as (I,, I;,) for all bands and over all coordinates. If these
vectors were to be plotted on a 2D chart, the unchanged pixel values would have near
identity relation, while the changed pixel values would deviate. Using this intuition,
we can calculate the principal components (PC) of the data and consider the pixels
corresponding to the first PC as those not containing any change. Meanwhile pixels
corresponding to the second PC (orthogonal to the first principal axis) can be con-
sidered as containing changes, alongside with the following PCs. This approach has
however been reported to require visual inspection by a domain experts to estimate
which of the components truly correspond to the change [Radke et al., 2005].

In [Volpi et all [2013] a Support Vector Machine (SVM) classifier is used for
per-pixel change detection with high resolution data (ground resolution of 0.7m).
Each pixel is described with local statistics calculated from a sliding window. These
statistics include for example local mean and variance information, co-occurrence
frequencies of pixel values and minimum and maximum differences within the pixels
inside the window. Dimensionality of the tested extracted features ranges between
4 and 63, which we note as relatively low when compared with features of the later
deep learning models. SVM models are further reported in [Nemmour & Chibani,
2006] to outperform a shallow neural network model and in [Bovolo et al.l 2010] to
outperform a traditional CVA approach.

We note that we can consider the task at hand also as an instance of the anomaly
detection task. For anomaly detection we use similar classical methods, including
Reed-Xiaoli (RX) |[Reed & Yu, 1990, PCA in [Shyu et al.,2003] and SVM in |[Banerjee
et al., [20006).

Machine learning provides many methods for performing feature extraction, that
can be used in the framework of change or anomaly detection. In supervised change
detection scenarios, where we have a dataset of labelled events, we can use Siamese
models proposed by [Zagoruyko & Komodakis, 2015] and later applied on remote
sensing data in the letter by [Zhan et al., 2017]. The work of [Daudt et al. [2018]
adapts the popular U-Net model as Siamese U-Net which is later also used by the
author of this thesis in [Ruzicka et al., 2020].

In unsupervised change detection scenarios, we can obtain feature representations
instead of the original data for conducting feature space comparisons. Bottleneck
feature of a pre-trained model can be used to describe data - either using the encoders
of classical computer vision deep learning models such as |[Krizhevsky et al., 2012],
or models trained on sensor specific datasets [Sumbul et al) 2019]. Unsupervised

learning methods further include generative autoencoder models [Kingma & Welling,
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2014; [He et al. 2022; |Larsen et al., 2016] or contrastive learning approaches such as
|[Chen et al., 2020; Manas et al., |2021].

On-board deployment of classical or machine learning models has been explored
in |[Giuffrida et al., 2020; Du et al., [2024] for cloud detection, in [Mateo-Garcia et al.,
2021] for water extent segmentation and while searching for other suitable tasks also
in [Meoni et al., 2024]. In such cases exact parameters of the used system govern the
selection of the methods. We have to consider the power, compute and memory of the
deployed device [Furano et al. 2020]. As this thesis focuses on on-board deployment
of machine learning models in multiple chapters, a more holistic analysis is provided
in Section 2.6l

3.2.2 Challenges and opportunities

Specialised detection system trained on a single type of event [Mateo-Garcia et al.,
2021] cannot easily generalise to other tasks. We note that many unsupervised ma-
chine learning models can be leveraged here to enable generality of our solution.
Many existing change detection systems do not optimize the proposed models for
on-board deployment on a device with restrictions in terms of compute and memory.
While slow and complex models can also be deployed on satellites when the number
of processed samples is very small [Serief et al. 2023], in real-world scenarios it may

be necessary to propose small and highly efficient models.

3.3 Method

To achieve unsupervised change detection deployable on-board of satellite, we propose
a machine learning model based on the variational autoencoder (VAE) architecture.
We train this generative model on the task of reconstruction of the input data after
passing through a compressed feature bottleneck. This model is further described
in Section [3.5] We use an unlabelled dataset of images from the Sentinel-2 satellite,
from which we consider high resolution bands from the L1C level of data processing
- we describe this in Section 3.4l We evaluate the trained model on a dataset of
disaster events, containing samples from classes such as wildfires, floods, hurricane
and landslide events. Each location is captured with a time series of images, last one
with the change.

Finally, as illustrated on Figure [3.4] we also deploy the proposed model on-board
of a real satellite and explore model adaptation through training on-board. We cover

each of these steps in the following sections.
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Figure 3.4: Illustration of the proposed RaVAEn system. A pre-trained VAE model
is used to encode incoming data captures, the resulting latent representation provides
better signal for anomalous change detection.

3.4 Data

3.4.1 Instrument

We have selected the Sentinel-2 satellite for this project, given its high temporal
cadence of data (only 5 days revisit time on average), relatively high ground resolution
(in most bands at 10m for one pixel) and the number of spectral bands that are
relevant for a wide selection of tasks [Hoersch) [2013]. Furthermore, it provides global
coverage of the Earth and an easy and free access to the data. Many other works in
the domain of Remote Sensing also use Sentinel-2 data, which extends the relevance
of our research into other domains.

To better mimic the environment on-board of a satellite, we selected low pro-
cessing level of data denoted as L1C. This data product has been orthographically
corrected and misaligned bands were adjusted, however it hasn’t been corrected at-
mospherically. We note that at the time of working on this project in [Ruzicka et al.,
2022|, there were no so-called L0 data products available. These would be the raw
data captures directly from sensors on the satellite. Only recently some small sub-
sets of LO data were released in [Meoni et al., 2023, however even these wouldn’t be

sufficiently large and diverse for training our models.

3.4.2 Datasets

In total, we use three datasets made from Sentinel-2 L1C data. For training our
proposed models, we leverage the globally sampled WorldFloods dataset (using it’s
vl release) from [Mateo-Garcia et all 2021]. It contains 233 scenes, each as a time

series of on average five images per scene. We note that this dataset has a diverse
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Table 3.1: The RaV/AEn dataset statistics. Each location is captured in 4 time-steps
before the event and once after the event. Positive rate denotes the ratio of changed
to non-cloudy pixels in the last pair of images (the only ones that are annotated).

Number of Cumulative Positive rate

locations  area (km?) (%)
Landslides 5 108 10.48
Floods 4 1301 6.74
Hurricanes 5 1622 24.31
Fires 5 3485 53.79
8 -
s .f. :] V4
o | Fires |
[Candsiidos (2 &
| Floods |
(a) (b)

Figure 3.5: Locations used for training (a) and validation (b) images.

representation of samples from around the world, and usually captures images around
cities and rivers. When tiled into 32x32 px tiles, this creates a training dataset of
almost 7.6M samples.

For validation of our model, we use the RaVAEn dataset manually selected and
annotated by the co-authors of our paper [Ruzicka et al.l 2022] - this dataset contains
four disaster event types (wildfires, floods, hurricanes and landslides) as is detailed in
Table 3.1} Each location contains a time series of five images, the last one containing
change related to a disaster event. Each has a manual label which assigns each pixel
into classes of no-change, change or clouds (clouds were marked for either the last or
the second to last image). Four images in the time series before the event contain
only natural changes in cloud cover, vegetation growth, variable viewing angle of
the satellite and sensor noise. The images were sampled with a window of 180 days
before the event allowing only samples with less than 20% cloud cover. Cloud cover
masks were generated using the s2cloudless [Sentinel Hubl [2021]. Figure shows
the distribution of samples in these two datasets.

Finally, for experiments on-board, we also used a smaller dataset of Sentinel-2

images which has been pre-deployed on-board of the satellite before it’s launch. This
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dataset covers only the region of Slovenia. Furthermore, we have selected a very
small subset of this dataset (in total only 6 images each of 480x480 px) and labelled
each 32x32 tile with a label of cloud or no-cloud. This dataset was later used to
demonstrate few-shot learning on-board of the satellite.

In most of our experiments we used the 10 high resolution bands of Sentinel-2
at ground resolutions of 10m and 20m. One exception was the pre-loaded dataset
on-board of the satellite, which contains only 4 bands (RGB+NIR).

3.4.3 Pre-processing

We normalise each separate band of the data using statistics calculated from the

training dataset. We use the following formula:

2’ =log(x)

2 =2 x v —min(@) 1 (3.1)
max(z') — min(z')

Here, min(x’) and max(x’) denotes values precomputed from the training dataset.
This transforms the data into range between < —1;+41 >, which is consistent with
the steps used in other papers |[Brown et al. 2022].

Finally, we tile each dataset into small non-overlapping tiles of 32x32 pixels (this
covers an area of 320x320 meters), while keeping the time series of the tiles at each

location together.

3.5 Models

3.5.1 Task formalisation

We denote 2" € R32x32X10 45  data sample at location a,b and at time ¢ (a,b is
a generically described coordinate of the tile). For tile zy b we are detecting if a
significant change occurred from the k-long history of samples at the same location
{z¢? .. 2¥"}. We define a novelty score function S(R32%32x10) — R as:

S(5?) = win (i, 57) (32)

where d(R32x32x10 R32x32x10) _ R {5 an arbitrary difference function between two
tiles. In other words, using this formalisation, we define the novelty score given to
the last image in each time series as the minimal distance between all previous samples

and the last sample. If at least one previous sample looks similarly as the last image
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(and correspondingly has low distance between the two samples), then we do not flag
it as a significant change. This allows us to be more robust to small spurious changes
and the presence of for example clouds. We assume that the potential anomalous
event is present only in the last image - if there were anomalies in the previous

images, they would have been detected by our system earlier.

3.5.2 Baselines

Firstly, we use simple distance functions in the pixel space of two images inside
the novelty score function [3.2] Here, we can use different distance metrics, such as
Euclidean or cosine distances between pixel values of the samples. We do so after
applying the same pre-processing steps as with the other methods. We note that
these baselines are quite simplistic, but they are also very fast to compute and as
such they are suitable as candidates for easy on-board deployment.

Secondly, we use approaches based on the principal component analysis (PCA)
method, as has been explored in prior research in [Dunteman, 1989; Radke et al.,
2005]. We can consider PCA as a dimensionality reduction method which is first
fitted on a training dataset and then can be used to project new samples (for example
from the test dataset) into a lower-dimensional space. These samples can later be
reconstructed and compared with the original data (also by selecting the number of
kept principal components). Using PCA can follow either change detection (CD)
or anomaly detection (AD) paradigms. In CD, we consider samples in a sequence
(image before and after event), while in AD we consider most samples as normal with
a minority of anomalous events (in most cases these anomalies are not included in
the training datasets).

We use PCA in three modes: (i) PCA for CD, where we fit PCA on all tiles from
a particular location and then project images before and after into low-dimensional
representation (in this case keeping 50 principal components). (ii) PCA for CD using
difference vectors (values of tile before minus tile after the event), we then check the
reconstruction loss of these difference vectors using only 1 principal component. Intu-
itively, anomalous data (assumed to belong to the change) will not be reconstructed
well when using such a low number of principal components. (iii) PCA for AD, where
we fit the PCA on all tiles extracted from images before the event (depending on
the selected memory size) and check the reconstruction error (again keeping only 1
principal component) of tiles from the tiles of image after the event.

Finally, we chose to extract smaller tiles from the Sentinel-2 images when using

PCA. Namely, we extract tiles of 8x8 px without overlap and keep the same number
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Figure 3.6: Diagram of the RaVAEn system detailing the training and inference steps.
Tiles 2*? of dimension 32 x 32 x 10 from the original Sentinel-2 multiband L1C data
from the training dataset are fed to a VAE model. Here, a and b correspond to the
location of the tile. The VAE is trained in an unsupervised fashion as its encoder
learns to compress the tile in an Gaussian embedding representation ;** and o®* and
the decoder to reconstruct them from there. At inference, only the trained encoder
is needed as we compress evalutation dataset tiles x?’b into their embeddings pu; o
and o} * which can be compared against an history of £ embeddings extracted at the
same location to assess whether the tile has changed significantly and prioritise for
downlink.

of high resolution bands (10) as for the other methods. This means that a single
sample in the created dataset has 8x8x10 values. We note that as in the case of
other methods, we use the same data normalisation. All of these different ways of
computing distances between tiles from images before and after the event use the
same novelty score function of
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3.5.3 RaVAEn models

We propose a model based on the variational auto-encoder (VAE) architecture which
learns a feature embedding space for input tiles 2°. Auto-encoder models consist of
two separate networks, the encoder ¢ and decoder p as shown on Figure |3.6 These
generative models learn a data representation space by projecting input samples using
the encoder network into a lower dimensional space called bottleneck or latent space
z. The decoder network then tries to reconstruct the encoded feature back into the
original data domain. VAEs impose additional restrictions on the distribution of the
learned latent space [Kingma & Welling, 2014] - in particular they impose a diagonal
Gaussian distribution for the embedding, which is parametrised by mean and standard
deviation of each dimension N** = N'(u®*, 0®%). Sampling from this distribution we
obtain the latent variable z, but practically speaking, we can use the mean vector
u®® for feature representation.

The model is trained using data reconstruction L2 loss between the input tile 2%°
and the reconstruction £%°, and the Kullback-Leibler (KL) divergence - as is custom
in the literature [Kingma & Welling), 2014].

During model inference, we compute the novelty score for each tile from a larger
captured scene. Namely, for samples x?_bl and z; ’b, we compute the latent represen-
tations and define the distance functions as one of the following: the FKuclidean and
cosine distance beween the means pf", and pf’, or the KL divergence between the
Gaussian latents V"% and N/*. Recall that we do so for each of the previous images
in the k-long history window. This means that for change detection, we only need
to retain the encoder network, which reduces the compute requirements of using the
model. Furthermore, instead of storing the full previous images, we only need to store

the selected latent representation.

Table 3.2: Differences in the architecture for different proposed model sizes (keeping
latent size fixed on 128). Note that during inference, we only need the encoder
network of the VAE model. We also only need to process the newly acquired image
to obtain their latent representation, while the latent vectors of the previous image
can be loaded.

Total Encoder Extra  Hidden  Latent
par. (M) par. (M) depth channels size

Small model 0.443 0.285 0 16, 32, 64 128
Medium model 0.979 0.617 0 32,64, 128 128
Large model 1.463 1.007 2 32,64, 128 128
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To optimise the model architecture for low compute environments, we parametrize
the number of layers used in the encoder and decoder network into configurations
(small, medium, large) presented in T able Each of the models has 3 downsampling
blocks (2D convolutions with kernel size 3, stride 2, zero padding of 1) which halves the
spatial resolution keeping the number of channels according to the “hidden channels”
parameter. The extra depth adds sequence of extra 2D convolutional layers after each
block with skip connections, building a residual block. Each convolution uses the leaky
ReLU activation and is followed by batch normalisation. Later, fully connected layer
is used to model the means and log variance, for which the target latent size of the
bottleneck is set to 128 (we also explore different values for this hyperparameter). The
decoder uses same layers as the encoder, but in reverse order, with nearest neighbour
upsampling to avoid checkerboard artifacts [Odena et al., 2016; Wang et al.l [2020].

Last layer reconstructs the input data range with a linear activation function.

3.5.4 Model adaptations through training on-board

What we would like to achieve here is some form of model adaptation after it has
already been deployed and uplinked on the communication constrained device. Our
research is also reinforced by the overview of [Lin et al, [2023|, which highlights the
need for model training on EdgeML and TinyML devices - we focus on this task
specifically in the context of satellites (as an example of communication and compute
constrained device). This may be needed when the nature of the input data drifts
over time, for example due to sensor degradation. Another example may be from
practical considerations of using the change detection system of RaVAEn proposed
in Section In some cases, we would like to reject selected detections made by
the system, perhaps by building a blacklist and a whitelist of events. If we want to
detect events beyond the anomalous change scenario, this would lend itself more as
a task of tile classification - one such example is cloud detection.

More concretely, we want to classify the tile 2%? into either cloudy or non-cloudy
classes. Perhaps if enough tiles are detected as containing clouds in a single image,
the entire data capture can be rejected. This classifier could also be used to mask
out clouds directly on-board.

We can do this by further leveraging the trained encoder model beyond the task
of change detection as is shown on Figure[3.7 We assume that the bottleneck feature
contains discriminative description of the original input tile. As such, we can consider

the encoder network as a learned dimensionality reduction function. Using the latent
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Figure 3.7: Timing of the model for tasks of change detection and few-shot learning
on-board of satellites.

space of our pre-trained model, we can train new and extremely small classification
models in a few-shot learning manner on-board of the device.

We note that for this, we will need a source of (pseudo) ground truth, labels for
each of the observed tiles. We consider this challenge to be not trivial, but in our
demonstration, we assume to have at least a small, labelled dataset of tiles, as has
been also described in Section [3.4.2l We may be given these labels from another,
more reliable instrument in a constellation of satellites, or by flying over a calibration
zone.

Importantly, we want to achieve this task on-board of the satellite. This means
using a frozen encoder model to extract latent representation from all 2% tiles in the
labelled dataset obtaining latents u®®. Using the known labels y®°, we want to train

a small classification model.

3.6 Experimental Setup

For training of the VAE model we use the Adam optimizer [Kingma & Bal [2014],
learning rate of 0.001 and loss composed of data reconstruction and KL divergence
terms [Kingma & Welling, 2014]. We use the batch size of 256 tiles (of 32x32 px and
10 bands) and train for a single epoch (we note that the large size of the dataset makes
this enough - experiments with longer training didn’t lead to better performance).
We use the PyTorch and PyTorch Lighting libraries for training and our own custom
code for evaluation. We deploy the models using ONNX format with PyTorch and
OpenVino libraries. We train the models in mixed precision mode (allowing 16 bit
floats).
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3.6.1 Devices

We initially train our RaVAEn model using a nl-standard-16 instance on Google
Cloud Platform (GCP) with two NVIDIA Tesla V100 GPUs. We then test the model
inference speed on the Xilinx Pynq FPGA board using its 650 MHz ARM Cortex-A9
CPU and 512 MB RAM (the model is not encoded on the FPGA’s programmable
array). This device serves as a proxy for a satellite environment, motivated by similar
compute environments used by [Rapuano et al., 2021; |Gretok & George, [2021].

We also deploy the model on a real-world satellite ION-SCV 004 provided by the
D-Orbit and the Unibap company. This satellite holds the 4-core 64-bit AMD GX-
412HC SOS CPU running at 1.2GHz, Intel Movidius Myriad X VPU and 2GB of
RAM.

We use the insight from measuring inference speed on the Xilinx board to inform
our selection of model variants for the real satellite. Then we use the Myriad X VPU
for fast model inference, and the CPU of the satellite for training a small classification
model. This is due to the limitation that libraries running models on the Myriad chip
do not allow for changes in the model weights. Further details are provided in the

result section discussing the time measurements |3.7.2

3.7 Results

3.7.1 Change detection on disaster events

We present qualitative comparison of results in Figure 3.8l There, we show the scene
just before and just after the event of interest (flooding and wildfire in this case),
note that the model was also given two more previous views (denoted as using the
history window of k=3). Clouds detected in either of the last two images are masked
in the predictions.

We compare the predicted change maps against the ground truth labels (these
are available only in the evaluation set) using the AUPRC metric. We remark that
this metric allows comparison without having to choose a threshold after which we
would classify each tile as containing a change. The continuous values associated per
each tile would allow us to for example sort the tiles and downlink only the most
anomalous ones given a communication budget.

Table compares our proposed model against the baselines testing different
distance functions. Table further explores the effect of adding a history of window

of up to 3 previous samples and compares different baseline approaches previously

63



I Latent
Before After Label mbaégseelsigzce %Z%/;Epice

F o]
W
ey
e |

Oelouds Mchange M no change

Image space Latent space
Label baseline RaVAEn

A

Oclouds Mchange Mo change

Figure 3.8: Comparison of changes detected using the baseline and the large VAE
model (with latent size 128) on examples of flooding and fire disaster events. Both
methods used a history of k = 3 frames. The image space baseline (using cosine
distance) prediction seems to more closely copy the details present in the image,
making it susceptible to small, noisy variations between the two images.

Table 3.3: AUPRC for baseline and VAE methods (here with the latent size of 128)
with time window k = 1 (averaged over 5 training runs).

Detection method Dataset

Landslides Floods Hurricanes Fires
Cosine baseline 62.9 37.8 51.3 81.8
Euclidean baseline 26.7 32.6 35.1 77.0

Cosine embedding 59.9 + 1.2 448 +1.1 67.6+ 1.4 83.3+0.38
Euclidean embedding 26.6 = 0.4 45.0 £0.7 478 £1.9 80.0 £ 1.1
KL-Divergence 25,8 £22 24718 301+£35 T731x16
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Table 3.4: AUPRC for the best performing metrics from Table with and without
extended history k£ (averaged over 5 training runs). The VAE model uses latent size
of 128 and the default large configuration.

Detection method k Dataset
Landslides Floods Hurricanes Fires
Cosine baseline 1 62.9 37.8 51.3 81.8
3 62.2 37.8 57.0 86.5
PCA (i) (enc. dist.) 1 29.7 42.8 34.0 76.0
3 33.7 49.3 41.1 87.0
PCA (ii) (diff. vec.) 1 31.7 64.0 52.7 65.4
3 69.3 67.3 56.4 70.8
PCA (iii) (reconstr.) 1 20.7 61.1 54.0 74.5
3 27.2 54.3 60.2 75.5
VAE, cos. embedding 1 599 +12 448+ 1.1 676+ 14 83.3+038
3 75.9+24 4434+09 72.6+1.1 91.3 +£0.8

Table 3.5: AUPRC for models with different latent sizes (averaged over 5 runs). The
AUPRC results are for the cosine similarity of the embedding with a history of 3
frames. Models use parameters for the default large model, but with variable latent
sizes. We also show the total number of parameters of each model.

Latent Dataset Params.
size Landslides  Floods Hurricanes Fires total (M)
512 76.1 £ 1.0 43.8+10 71.4=£0.7 909+ 04 3.823
256 75.5+ 21 44.0+ 0.7 72.7+£0.7 91.1+04 2.249
128 759 +24 443 +09 726 +t1.1 91.3+0.1 1.463
96 723£05 419+10 68.7+34 905=£04 1.266
64 699 +15 392+£17 72622 90.3=£0.6 1.069

described in Section [3.5.2|against our proposed VAE based method. Table 3.5 explores

different model configurations, namely varying the latent vector size hyperparameter.

3.7.2 Inference times

The model was tested on several platforms, the CPU of the Xilinx Pynq board and
the Myriad X VPU of the ION-SCV 004 satellite. Table [3.6] provides an insight into
the performance of three model variants, it also shows the runtime needed to encode
a single 32x32 px tile on the CPU of Xilinx Pynq. We report average inference time
from running on a larger scene of 574x509 px (approximately 5x5 km? at Sentinel-2

10m resolution) which was cropped into multiple of 32 and tiled as 255 tiles (we
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Table 3.6: AUPRC and timings for different sizes of model (using latent size of
128; averaged over 5 runs). The AUPRC results are for the cosine similarity of the
embedding with a history of 3 frames. Runtime is reported for an average single tile
of 32x32 px on-board of the Xilinx Pynq board.

Config. Dataset Runtime

Landslides  Floods Hurricanes Fires (ms)
Small 748 £14 445+14 74.8+02 90.7+0.2 8.08
Medium 75.8 £0.7 428 £04 73.8+ 1.8 91.2 £0.3 19.06
Large 75.9+24 443+09 726=+11 91.3+0.1 54.83

Different compute devices (batch 64)
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2.93096
2.65003
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Time in msec

0.76153
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Encoding + 10 Encoding only

Figure 3.9: Timed model inferences, using the RaVAEn encoder network with dif-
ferent devices available available on the satellite. We show the encoding time for a
single tile of 32x32px, we measure these as averages from the total of 225 tiles while
processing an entire 4.8x4.8 km? scene.

report average inference time for a single tile). During these measurements we report
that at least 67% of the total RAM (512MB) was left available. We note that this
measurement includes any background processes that ran alongside our code on the
clean Pynq environment.

Figure[3.9 shows inference speed measures on the ION-SCV satellite. There we ran
our model on two different processing units, the CPU and the Myriad X VPU, using
two libraries (PyTorch and OpenVino). We used a dataset that was preloaded on
the satellite prior to its launch, which contained Sentinel-2 images with only 4 bands
(RGB+NIR). We note that the only difference between the models are in the first
layer, which either projects 10 or 4 bands of data, the rest of the model architecture
remains the same. As such, the influence on the inference speed is minimal.

Figure[3.10] shows measurements of individual batches used with the CPU and the

VPU of the device - we observed random slowdowns when using the CPU of the device
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Figure 3.10: Detailed view into the individual batches used in the RaVAEn encoder,
showing delays in the CPU regime. Batch size of 64 splits the 225 tiles into unequal
batches (namely the last one has only 33 tiles). We show evaluation over 26 loaded
scenes of the same resolution.

particularly with the PyTorch library, this is likely due to background processes on
the satellite.

3.7.3 Latent space and compression
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Figure 3.11: UMAP visualisation of encoded tiles from a flooded scene presented on
Figure [3.8, Tiles from the image before the event are marked as green, while the
tiles from after the event are shown in red. Tiles corresponding to the flooded tiles,
marked with blue, can be seen clustered together in contrast to the rest of the data
from this scene.

In Figure we present the UMAP visualisation [Mclnnes et al., [2018] of the

latent space learned by the RaVAEn model. In this visualisation, we show embedded

tiles from both before and after scenes, we also highlight the tiles which were labelled
as containing change (flooded water in this case).
We note that the proposed system also provides a lossy compression from the orig-

inal Sentinel-2 data. One tile of 32x32 pixels with 10 bands is originally stored with

67



Training time, model: [128-Dense-1]
0.201127

Emm Batch Size 32
mmm Batch Size 64
mmm Batch Size 128

0.20 A EEm Batch Size 256

0.134948
0.15 A
0.10593

0.0912846

Time in sec

0.05 A

0.00 -

Average epoch training time

Figure 3.12: Training a classification model on top of the encoder network, timing
while changing the used batch size. The full training dataset is composed of 1305
tiles.

12bit as per the Sentinel-2 radiometric resolution specification. Using the embedding
with vector size of 128, we store the encoded mean vectors at 16bit float precision.
This approach provides the users with 60x reduction of the necessary storage space
for each of the saved sample. Further compression of the latents would be also feasible
[Ballé et al., 2016].

Existing satellite practices of lossless compression such as CCSDS-137 [CCSDS,
achieve compression ratio of 6.5, and JPEG-LS [Schelkens et al., 2009] ratio of

2.5. Our method is in contrast to these lossy, but the original tile can be reconstructed

using the decoder network on the ground (again with a loss of quality). In fact, further
research using auto-encoder based models for compression was shown in [Bégaint
, 2020|. For change detection applications or for communication across satellites

in constellations, having just the latent vector is sufficient.

3.7.4 'Training on-board

Figure |3.12 reports training time needed for a single epoch for a cloud classification
model. This is an example of few-shot learning, as we first encode the dataset using
the encoder networks with Myriad X VPU. Given the dataset size of 1305 tiles, this
encoding takes further 0.64s sec. We observe that the classification models converges

after 10 epochs. Prediction examples are shown on Figure [3.13
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Figure 3.13: Predictions of the on-board trained model and visualisation of samples
from the training dataset. Training dataset was created using scenes where almost
all tiles contain one class type (tiles classified as cloud or no-cloud class).

3.8 Discussion

Results show that it is possible to detect disaster events with unsupervised change
detection models on-board of the satellite. To interpret the results, we compare
the performance of the proposed RaVAEn model with the pixel space comparison
baselines. On Figure 3.8, we see the qualitative difference, where our model is able to
detect smaller true changes (such as the small, flooded water channel on the bottom of
the image), while being less sensitive to small noisy variations between the two images.
Tables [3.3] confirm this quantitatively, we see that our model outperforms the
baseline on most tasks and that the inclusion of history window of k=3 further benefits
our model. We see that multi-temporal information is helpful for unsupervised change
detection.

Additional baselines depending on the PCA method tend to have lower perfor-
mance than other approaches (except for the case of floods dataset), we also observed
high sensitivity to the selection of the used hyperparameters (such as the number of
included principal components and the way how we compare tiles before and after
the event).

In Table [3.5] we explore different latent sizes used with the Large variant of the
VAE model. It seems like there are only small gains in using values beyond 128

(all models above the latent size of 128 have their average results within each others
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standard deviation window given by the five repeated trainings). Also considering the
number of parameters of the created models, we prefer smaller models. We further
observe that the reduction of latent size below 128 reduces the performance of the
large model. In Table 3.6/ we show that we are able to retain the model’s performance
within £3% while reducing the model size (by changing other parameters than the
latent size) and the consequential runtime by 85%.

We use this insight to directly deploy only the “small” model variant on the
ION-SCV satellite. We achieve the best inference speed when using the Myriad X
VPU with the OpenVino library. This can be used for much faster change detection
on-board of the satellite, or for other downstream tasks such as training on-board.
Computing change detection for a single tile on the Myriad X takes just under 0.5
msec, while an entire scene of 4.8km? (with 225 tiles) takes about 0.11 seconds. We
note that there is almost 16.5x times speedup when running the models on the Myriad
X chip on the ION SCV satellite in contrast to the CPU of the Xilinx Pynq board,
in both cases we tried to optimize the parameters for fast running on the specific
hardware (such as selecting batch size).

We demonstrate that an entire training run would take only 0.64s to encode the
dataset with Myriad X and OpenVino, and 0.91s to fully train a classification model
using the satellite’s CPU and PyTorch. This means that in only about 1.55s in total,
we were able to adapt a small classification model for a completely novel task - either
to extend the capabilities of the change detection system (by for example blacklisting
tiles with clouds), or to adapt to potentially changing quality of the input data (due
to for example sensor degradation).

We show that our change detection system generalizes well to a large variety of

disaster events, and that it can be deployed in many types of low compute devices.

3.9 Summary

In summary, we have proposed, tested and deployed a system that enables general
anomalous change detection on-board of satellites. Doing so, it enables intelligent
decision-making, such as sending alert signal, prioritization of anomalous samples
for downlinking (potentially in their compressed form) and also on-board few-shot
training. The RaVAEn system has been deployed in space and ran on-board a real
satellite. It also demonstrated the world’s first training of machine learning model
on-board using a combination of devices (Myriad X VPU and the device’s CPU) and

libraries.
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Figure 3.14: Example data containing two types of changes. While the official dataset
annotation marks an oil spill, the prediction of our model detects the natural ice
melting instead.

Our research has identified several limitations which can be addressed in future re-
search. Firstly, hardware available on-board of low compute devices such as satellites
vastly differs given the mission requirements. As such, even more efficient hardware
needs to be considered, for example with deployment of the model directly on the pro-
grammable field of FPGAs, or by leveraging GPUs (these are however not as robust
to space radiation and as such are not widely used).

Secondly, more modern machine learning models can be leveraged for the task
of unsupervised change detection. These include improved variants of auto-encoder
models such as MAE [He et al, [2022], VQ-VAE [Van Den Oord et al) 2017] or
domain specific designs such as ScaleMAE [Reed et al.,2023]. Methods for contrastive
learning such as SimCLR [Chen et al, [2020] or models specifically proposed in the

domain of Remote Sensing such as SeCo [Manas et al., [2021] can also be used.

In fact, our original paper [Ruzicka et al. 2022] already inspired several follow-

up works exploring these directions. The conference paper of [Zhou et al., 2024]

deploys the RaVAEn model on a FPGA chip and encounters further speedups over
our results on the Myriad X chip. The Master thesis of 2024] adds finetuning

round inspired by contrastive learning to our pre-trained RaVAEn model and further

improves its performance. Finally, in our own work |[Zhang et al., [2022], we propose a

SimCLR inspired training of an unsupervised change detection model on the specific
domain of wildfire detection, in a scenario, where we lacked large, labelled datasets.

In Figure we show an interesting encountered sample, where our proposed
model detects only one of the two occured changes (ice melting leaving a stronger
change signature than oil spill), this motives a potential future direction of research
in semi-supervised learning to create whitelisting and blacklisting filters.

Work on wildfire detection on-board of satellites was also implemented in the
private sector by the work of [Gottfriedsen et all 2023] - we note that the details

about the model are however not published.
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To aid research in this area, we have released all our data, code and the weights
of the trained machine learning models publicly[f|

Finally, given recent focus on general Foundation models in the domain of Com-
puter Vision [Yang et al.,2023] and applied to Remote Sensing tasks [Lu et al., 2024],
we see our extremely small RaVAEn model as a potential path forward in contrast
to the very large and demanding Foundation models. We achieve general behaviour
and can use the model across a wide range of downstream tasks, despite aiming at

small and practically deployable model sizes.

'https://github.com/spaceml-org/RaVAEn
Zhttps://github.com/previtus/RaVAEn-unibap-dorbit
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Methane Detection

4.1 Introduction

In this chapter we explore the research question of detecting a faint signal on-
board of a satellite using different sensors (Q2), in particular we focus on
a single concrete application of methane leak detection using classical and machine
learning methods. We pay attention to the specific requirements this task dictates in
terms of the types of used sensors and consequentially the types of data we process.
We frame this problem as semantic segmentation and train machine learning models
with hyperspectral and simulated multispectral data on datasets we create for this
challenge.

Detection of methane leaks in the atmosphere is an important, yet challenging
task. After carbon dioxide (CO;), methane (CH,) is the second largest contributor
to global warming through its effects on radiative forcing [Kuylenstierna et al., 2021].
Furthermore, methane has a much shorter atmospheric lifetime than COs, so any
reduction of unwanted emissions can have tangible and fast effect. In fact this task
has been called the low hanging fruit of climate action. Methane itself is a greenhouse
gas which is transparent in the visible spectrum - as such, specialised instruments are
needed to detect it. Different sensors and satellites provide observations with different
sensitivities to signals of methane presence in the scene, as well as vastly different
ground resolutions. While satellites such as the Sentinel-5P (TROPOMI) can detect
methane at ground resolution of only 7x3.5km per pixel, sensors such as NASA’s
EMIT observe methane at resolutions of 60m per pixel. Current aerial missions
provide even finer sampling of up to 3-10m per pixel such as the NASA’s AVIRIS-

NG mission. Broadly speaking, we can differentiate between low ground resolution
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Figure 4.1: Predictions of the STARCOP models on example plume event from the
AVIRIS-NG data. On the left, we show some of the inputs used by our models and by
the baselines and, on the right, we show the comparison of the predictions with the
ground truth labels. It can be seen, that the major issue with the existing baselines
is the high false positive ratio.

instruments which can be used to provide global picture about methane distribution
over the whole Earth, and mid to high ground resolution instruments which can be
used for point source detection of individual methane leak plumes. The later allows
for attribution of methane leaks to individual facilities and for more precise follow-
up quantification. Furthermore, the number of spectral bands and their wavelengths
heavily influence the detection capabilities of these instruments.

There are several limitations of the currently used approaches for the task of
methane detection. Firstly, the currently used classical methods (these create what
we call methane enhancement products) tend to be noisy and produce many false
positives. This is due to the presence of confounder materials which appear to trigger
these classical methods in similar ways as methane. As such, these products typically
have to be monitored manually. However, with the increased number of satellites
capable of seeing methane, manual detection will no longer be feasible and methods for
automation will be needed. Secondly, there aren’t many large, qualitatively labelled
datasets and research in this field often relies on private data and the reported models
are often kept proprietal. Finally, data driven exploration of detection limits using
different instruments doesn’t exist globally - detections are reported anecdotally, and
existing methods have large amount of uncertainty associated with their detections.

Concretely, in this chapter we propose a machine learning models to automate the

detection of methane leaks in hyperspectral and simulated multispectral data. We
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Figure 4.2: Illustration of the automated methane detection using machine learning
models and the unification of processing pipelines used with different sensors.

improve upon classically used methods by significantly reducing their false positive
rate. We study existing data portals, collect a dataset of methane leak events and
manually improve initial coarse labels. Finally, we release all our trained models and
created datasets publicly in a machine learning ready format. We present detections in
different modalities of data as a demonstration of a tip-and-cue system, and we explore
generalisation of our models across different hyperspectral sensors. Figure 4.1/ shows
an example scene with a strong methane leak event and illustrates the comparison of
the detection limits between models using multispectral and hyperspectral data.

We consider this research significant as it could allow for automation of methane
leak detections in real-world data. Figure illustrates the potential difference that
automated methane leak detection enables in terms of the reduced time and manual
labour needed and the simplification of existing methodologies. Detections made by
our system could be verified and used by experts (reducing their labour by filtering
our vast quantities of empty data) which could then lead to fixing of previously
unattended leaks. For example, manual detection made in the work of [Duren et al.,
2019] have led to fixing methane leaks in only few days after the detection - automated
detections could make this even faster and could allow larger scale. Our work aims to
directly address the needs outlined by several governmental agencies and independent
organisations, for example in the Global Methane Assessment report made by United
Nations in 2021 [Kuylenstierna et al.,[2021], the NASA’s decadal survey for 2017-2027
INASEM] 2019 and finally also the IPPC report of 2023 [Lee et al., 2023]. While our
work contributes to only a small part of the problems outlined there, it remains to

be of high importance.
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4.2 Background

4.2.1 Prior methods

Methods and data products used for detection of methane leaks in satellite data are
more closely explored in Section [2.4, Here we outline the most relevant prior methods
used in this field which are used throughout this chapter.

Methane is a greenhouse gas, which is weakly visible in wavelengths between 1600-
1800nm and strongly in the region between 2100-2500nm. Given the low overlap of the
methane signal with most of the spectral bands typically used in most multispectral
satellites, augmentation methods such as the so-called band ratios need to be used to
enhance visibility. A single spectral band with known methane visibility is divided
by a nearby spectral band without such visibility. Is it assumed that nearby bands
will have similar view of the background information (therefore filtering out this
information in the ratio product), while the methane signal is present in only one of
them (therefore remaining in the product). The work of [Varon et al., 2021] proposes
two methods for computing band rations - either with a single or multiple temporal
captures of the same scene. Other methods such as [Sanchez-Garcia et al., 2022]
use multiple bands outside of the methane visibility to estimate background of the
band with visible methane signal. The subsequent ratios should better differentiate
between true methane signature and other confounder materials.

Hyperspectral data, which is also referred to as imaging spectroscopy data, gives
better view of methane signal than data from multispectral sensors. This is given by
their improved overlap with the methane signal. The so-called matched filter uses the
knowledge of methane signature over individual spectral bands (measured in labora-
tory by [Rothman et al) |2013]) and searches for it in the hyperspectral datacubes.
By going one-by-one for each pixel and subtracting estimation of the background in-
formation, we can compare correlation with this known target signature. Improved
versions of matched filter such as maglc [Foote et al., [2020] are often used to itera-
tively reduce the false positive detections in these products.

However, these classical methods contain quite a lot of noise and need to be
analysed manually by experts. This slows down any potential detection pipeline
used for observing methane in large data captures (for example in daily observations

produced by satellites).
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4.2.2 Challenges and opportunities

The first challenge faced in this domain is the lack of large, annotated datasets, that
could be used to train models. This has been observed by many overviews [Signoroni
et al., 2019; Paoletti et al., 2019; Gewali et al) 2018] and the opinion piece given
by |[Thompson & Brodrick, 2021]. This extends to machine learning research applied
to processing hyperspectral data, which uses only very small datasets such as Indian
Pines [Baumgardner et al. 2015] (and other similar datasets with only few scenes).
To make matters worse, the similarity between the used data splits in these datasets
leads to very severe model overfitting. Consequentially the proposed methods cannot
really generalise well enough to be used globally. This makes it difficult for comparison
between methods proposed in this field. Many works also use private datasets, and
they do not release the code of their published research. At the publication date of
[Ruzicka et al., 2023b|, there were no usable large datasets in this domain prior to our
work, only raw data that needed processing, or tiny datasets. One of the contributions
of this chapter is the release of a large, high-quality dataset which can be used to
benchmark models in this area. While there are some recent datasets released in this
area, ours remains to be the best one to use (due to the quality of the fixed manual
labels).

The second challenge is in the high false positive ratio and the noise the classi-
cal methods produce. This prevents real implementation of these methods beyond
pipelines that depend on manual detection by experts. This in turn slows down any
detections and cannot really scale with the upcoming increase of satellites used for
detecting methane. In our work we show that machine learning models provide path-
ways of reducing the false positive ratio and that they could be used for automated

detection of methane leaks.

4.3 Method

In this chapter, we propose machine learning models based on the U-Net architecture
for the task of methane detection, which we formalise as semantic segmentation. We
create a new dataset of hyperspectral images with improved manual annotations, and
we also create simulated multispectral views of this data. On this dataset we compare
machine learning approaches against several classical baselines.

In Section [4.4] we describe the creation of the used datasets and the simulation
of multispectral views of source hyperspectral data. In Section we present the
used models and classical baselines for both data modalities. And finally, Section
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(a) Locations with plume events (b) Locations with confounders

Figure 4.3: Examples of the AVIRIS-NG data captures. We have zoomed-in onto
two samples of clear plume events and two cases with confounders (man-made in-
frastructures and solar panels). We note that the flight paths were rotated for easier
visualisation. We show the methane enhancement product created with the maglc

matched filter [Foote et al.,[2020].

presents the used training hyperparameters and our proposed matched filter weighted

loss function.

4.4 Data

4.4.1 Hyperspectral dataset STARCOP

To train any machine learning models, we need to collect a large a diverse dataset of
samples with enough positive events (in our case methane plumes) present in the data.
For long time, this kind of data was missing and most of research in methane detection
discussed only few manually detected events. More recently, the data from the aerially
flown AVIRIS-NG sensor created a large enough archive in order to train machine
learning models. It has been repeatedly deployed across regions with known methane
emissions, including test releases of methane to calibrate the used instruments.

Figure |4.3|shows example events from the original AVIRIS-NG data alongside the
computed matched filter product. Note that the data was collected during an aerial
campaign and that the flight path is visible (as the collected strip of data follows the
flight).

We use the data from the 2019 campaign conducted by |[Cusworth et al., 2021],
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Figure 4.4: Showing the limitations of the available annotation in the original labels
released by |Cusworth et al., 2021], with a circular mask cut out around the center of
each plume. We manually refine and extend these plumes using the maglc product
as guidance.
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which contains up to 2069 individual methane plumes in 564 images retrieved during
31 different days. These initial labels also contain an estimated quantification for each
plume (emission rate in kg/h). Out of the two instruments used during this campaign,
the AVIRIS-NG and the GAO sensor, only the AVIRIS-NG data was made publicly
available. As such we use only the public subset of the data with total of 1878 plume
events observed in 300 separate granules from flights - total size of these in the L1B
level of processing takes about 6TB to download. Here, we will describe the steps
taken to create the STARCOP dataset used in this chapter and in our paper [Ruzicka
et al., 2023b].

Firstly, we explored the initial manual annotation made for this data by [Cusworth
et al 2021] - we observed several limitations which are illustrated on Figure[4.4 Each
annotation is cropped by a circular mask with a diameter of 151 pixels. As we wanted
to extract larger tiles from the original data, and as some methane plumes were larger
than these initial labels, we had to extend and improve these labels.

Secondly, we downloaded all hyperspectral granules of the source data (approxi-
mately 6TB) and computed the matched filter product maglc [Foote et al., 2020 for
each separate one. We used this product to semi-automatically extend the original
labels using thresholding and connected areas of active pixels. We have manually
inspected all plume events and refined the labels (we manually redrawn the labels in
the graphical interface of the IRIS tool [Mrziglod & Francis, 2019]). For each event
we considered 512x512 px tile (the potential plume being in the center of the tile -
for this reason it is important to use methods such as cropping of smaller tiles and
shifting to break this regularity). In order to balance the created dataset, we sam-
pled the same number of no-plume tiles as the number of plume tiles. For negative

sample selection, one half was selected randomly, while the second half was chosen
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Figure 4.5: Hyperspectral dataset made from the AVIRIS-NG sensor, we primarily
store the RGB bands, the matched filter product and the binary label, we also select
125 bands to save separately for future models. We note that additional views of the
data may also be made from the original hyperspectral datacubes.

Subset  Flights Days Number of tiles by emission rate (kg/h)
0 10-200  200-500 500-1000 | 1000-3000 3000+

M train 256 19 1713 352 708 379 247 26
M test 44 3 176 13 26 40 47 10

Table 4.1: Distribution of the tiles stratified by emission rate into train and test sets.

using maglc product as an indicator of locations with high amount of confounders
(locations where the matched filter output was high, but where there were no plumes
in the checked labels).

Finally, for creation of the train and test splits, we manually selected acquisitions
from three days at the end of the campaign (18th, 21st and 25th October) into the
test set. These samples do not have temporal overlap with the rest of the data which
is then kept in the train dataset.

Particular care was taken to avoid data overlaps between these subsets. In this
project, we chose to use temporally non-overlapping source images. The extracted
larger tiles (512x512 px) therefore also don’t introduce any informational overlaps
between the created subsets.

Figure [£.5 and Table shows the spatial locations of train and test tiles and the
statistics of the plume leak events stratified by emission rate. As can be seen, efforts
were made to maintain diverse representation in both subsets. Later for evaluation,
we divide these tiles into two broad categories: “strong” plumes with more than 1000
plume pixels in the label and the rest of the events as “weak” plumes (this does
roughly correlate to the size of the plume, another potential division would be using
the kg/h estimation).
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In total the training dataset contains 1712 tiles with plumes and 1713 tiles without
plumes. The test dataset has 166 plume tiles and 176 tiles without plumes. The final
dataset size, containing all pre-computed products is about 60GB. We keep these as
512x512 tiles centred around methane leak events, and further sub-tile them during
training using the tile size of 128 px with 64 px overlap. This creates a training

dataset of 167825 images, each with all the required intermediate feature products.

4.4.2 Multispectral views of the data

To explore the performance of machine learning models on different modalities of data,
we simulate multispectral views from the source hyperspectral datacubes. We note
that we do not simulate instrument specific noise profiles and as such this data works
only as a proxy of the real data capture. However, this allows us to reuse the same
high quality and manually annotated labels with products from other instruments
and sensors.

We convolve the available hyperspectral bands with the spectral response function
(SRF) of two selected sensors - from the WorldView-3 and the Sentinel-2 satellites.
We further convert the radiance values of top-of-atmosphere (TOA) reflectance us-
ing the acquisition date, centre location coordinates and the solar irradiance. For
WorldView-3, we obtain the solar irradiance of each band by convolving the SRF of
the sensor with the Thuillier solar spectrum [Thuillier et al., 2003]. We also repeat
the process with Sentinel-2 sensor as the target, but we couldn’t observe even the
strongest events in the classically computed methane enhancement products. We
note that here we were limited by having only a single temporal view of the data and
that in practice, multitemporal data could be used with better performance [Varon
et al), 2021} [Vaughan et all) [2024b]. Namely, for WorldView-3 satellite we simulate
bands from SWIR1 as Bl (with central wavelength of 1210nm) to SWIR8 as B8
(central wavelength of 2330nm).

4.4.3 Data from EMIT sensor

To explore generalisation abilities of the models proposed in this chapter, we also
collected few samples from another hyperspectral instrument by NASA, the EMIT
sensor. We compute the same matched filter products from both sensors. We provide
more details about the sensors in Section 2.2.1]

Despite having similar instrument design, the AVIRIS-NG and the EMIT data
differs on several important fronts. Firstly, the AVIRIS-NG sensor is deployed aerially,
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and is flown over locations with known or expected emissions. In contrast, the EMIT
sensor is deployed on the International Space Station (ISS) and as such the ground
resolution of the two instruments differs significantly. While the AVIRIS-NG sensor
has about 3-10m per pixel, the EMIT sensor has only 60m per pixel. The influence of
atmospheric effects is also more prominent in the EMIT data. Additionally, AVIRIS-
NG has in total 425 spectral bands at bnm spectral resolution, while EMIT has only
285 bands at 7.4nm spectral resolution. Finally, AVIRIS-NG is mostly local (relatively
speaking, with the currently considered data spanning the Four Corners area of the
USA), while the EMIT sensor is one of the first hyperspectral instrument to provide a
near global coverage of the Earth without relying on manual scheduling. Furthermore,
while the EMIT mission started observing only the arid regions of the planet, it has
been extended to capture images globally. The ISS is however not as predictable as
a satellite and it also observes locations at different time of day conditions.

During the work on this chapter’s paper [Ruzicka et al) 2023b], only limited
number of EMIT captures were available with flagged methane leak events. We have
manually selected 11 full scene granules with known methane leak plumes and 9
scenes in urban areas (which are known producers of confounder signals) without any
plumes. We have manually labelled these events. For these scenes, we use the L1B

level of data processing without applying orthorectification.

4.5 Models

As we discussed in the previous section, we prepared datasets of methane leak events
as hyperspectral and simulated multispectral views of the data. This allows us to
compare the performance of machine learning models proposed to work with either
modality, and to also compare them against the classical methods. Here we first
describe the feature extraction methods which convert the raw satellite data into what
is often referred to as methane enhancement products. We proposed baselines which
threshold these products, or machine learning models, which instead use combinations
of these products as inputs. In this way, we can consider the models proposed in
these sections as examples of classical machine learning. There, a classical feature
extraction process is followed with a machine learning model, in contrast to deep
machine learning which would learn these features from the data in an end-to-end

manner.
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4.5.1 Feature extraction from multispectral data

Given the weaker overlap of many multispectral instruments with the regions of spec-
trum where methane is visible (this is described in more detail in section [2.4), we
typically have only few bands that can “see” methane. Furthermore, these bands are
typically spectrally quite wide, and as such they will contain activations from other
materials. Isolating these from the real methane plumes is not a trivial task. There-
fore, we typically compare two bands, one within the methane absorption (referred
to as signal band ) and the other one outside to serve as a background reference (we
will refer to is as background band B). Comparing these bands we get the so-called
band ratio products.

In this chapter we will implement two band ratio products from the recent lit-
erature. First one, proposed by [Varon et al., 2021] we refer to as Varon ratio, and
second one proposed by [Sanchez-Garcia et al., 2022] we refer to as Sanchez ratio. In
practice, while these methods were published with specific multispectral instruments,
they can be used across different sensors.

The work of [Varon et all [2021] explores mono-temporal and multi-temporal
methane enhancement products, we use the so-called “multi-band-single-pass” (MBSP)

variant. Given a signal band S and a background band B we define:
VaronRatio(S,B) = (¢x S — B)/B (4.1)

where the parameter c is used to scale one band into the range of the other band. It can
be obtained using least square fit, or as a simplified formula ¢ = sum/(B’)/sum(S’),
where S” and B’ are signal and background bands with removed outlier values (using
data between lower quartile of 5th percentile and higher quartile of 95th percentile).
We use the notation of symbol A<+B as Varon ratio between signal band A and
background band B. We could use different bands as signal (for example B7 or B8
of the simulated WorldView-3 data) and as background (for example bands B5 or B6
of the WorldView-3 data). As the default Varon ratio we use B7<>Bb5.

The work of [Sdnchez-Garcia et al., 2022] instead uses multiple linear regression
(MLR) to first estimate the background information in the signal band S from a
combination of several background bands B;. The combined estimated band Sy g is

then compared with the signal band S using:
SanchezRatio(S) = VaronRatio(S, SyrLr) (4.2)

where we note that the MLR estimation is calculated separately for each tile. In
the SWIR region, we consider either the band B7 or B8 as the signal bands and
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Figure 4.6: Visualisation of band ratios used to highlight methane plume. We remark
that confounder materials in the background of the image seem to trigger the band
ratio products as well. We show normalised and clamped products (between —2 and
+2) which are later used as inputs to machine learning models.

combination of B1-2 and B4-6 as the background bands when computing the MLR.
We use the notation of A<»Ay;r as Sanchez ratio between signal band A and the
MLR estimation of this band from other background bands.

We use these calculated band ratios as inputs to the machine learning models,
and also as baseline classical methods. For the multispectral baseline we primarily
use the Sanchez ratio between B8 and the B8,,,r, which we threshold using the
experimentally found value of 0.05. The binary output is then post-processed with
the opening morphological operation (to reduce the speckle noise or the salt and
pepper effect of the isolated active pixels). We note that we tested all of the potential
ratio products and their different configurations with different threshold values, but
they all remain very noisy regardless of the selected variant. We show an example of

the computed band ratio products in Figure [£.6] for a strong methane plume event.

4.5.2 Feature extraction from hyperspectral data

Hyperspectral data provides more information about the methane presence than lim-
ited multispectral views (this is in more details described in Section [2.4)). As such, we

can use more complex methods than simple band ratios. Given the known shape of
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the methane signal across different spectral wavelengths modelled from the HITRAN
2012 database [Rothman et al., 2013], we can search for this signature directly inside
the hyperspectral data.

Matched filter (MF) is a method which for each hyperspectral pixel measures the
similarity between the pixel value minus the estimated background value against the
known methane signature. In missions such as AVIRIS-NG we consider the average
value of the corresponding column of pixels as the background for each single pixel.
Other pixel neighbourhoods could also be considered, but the column sampling is
usually preferred due to the push-broom scanning of the hyperspectral instrument.
Note, that we ideally try to select the same pixels of the push-broom sensor, this
can be done before orthorectification, or by using the backwards pointing geometric
lookup information.

Matched filter can be described with the following formula:

(L—p)'s't

MF =
tTy—1t

(4.3)

where L refers to the vector of values for each processed pixel (1 hyperspectral pixel
with the dimensionality given the number of selected hyperspectral bands), p is the
background estimation (typically computed as an average of pixels in a square neigh-
borhood or a column of pixels from the same sensor element) and finally ¢ is the
target signature (in this case of methane).

On its own MF products are also quite noisy and sensitive to the presence of
confounder materials, which is why iterative matched filter approaches such as for
example maglc [Foote et al., 2020] try to improve the method by adding sparsity reg-
ularization and albedo correction to the target matched spectrum and estimated back-
ground. Although maglc significantly reduces false positives, the computed methane
enhancement product still contains high amount of false detections. As illustrated on
Figure , we have observed this specifically in urban areas (rooftops), water bodies
and human made infrastructures (such as solar panels or roads).

We will use the computed maglc MF as an input to our trained hyperspectral
machine learning models. We also use it as a hyperspectral baseline method, after
applying a threshold of 500 ppm x m and an opening morphological operation (again
to remove speckle noise). We further note that a variant of the MF products is usually
shown to the manual annotators in pipelines currently employed by the industry and
research labs. We are therefore trying to explore if machine learning models can

improve these classical MF approaches.
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Figure 4.7: The proposed HyperSTARCOP and MultiSTARCOP machine learning
models based on the U-Net architecture with MobileNetV2 as its encoder network.

4.5.3 Machine learning models

We propose two machine learning models illustrated on Figure [4.7] working on the
two modalities of data (multispectral and hyperspectral). These models share the
same proposed architecture and most of the used training hyperparameters. Both
use a combination of the classical methane enhancement products, but they differ in
the type of the used source data and the number of used input bands. We chose the
U-Net architecture [Ronneberger et al. 2015] with the MobileNet-v2 encoder [Sandler
et al., 2018|] given its widespread usage in research in remote sensing applications.

The multispectral variant, MultiSTARCOP, uses several configurations of the
Varon and Sanchez band ratios computed from the simulated WorldView-3 data.
These products typically contain quite noisy view of the methane plume mixed with
the background information. Large pixel values in these products could mean both
the presence of methane, but also the presence of confounder materials (due to the
width of multispectral bands, these can be many). Clearly, a single threshold values
isn’t enough to separate these two classes. In this case, our proposed model has to
learn to differentiate between methane and the background using the shape and the
strength of the signal.

The hyperspectral variant, HyperSTARCOP, uses the matched filter as one of its
inputs, in addition to few selected bands (to provide a better view of the background
information of the scene). With this model, we aim to improve the detections of the
matched filter product. We assume that the model can learn, which of the pixels
outlined by maglc are true methane plumes, and which ones are just confounders.
As MF methods operate on pixel-by-pixel basis, we believe that our model could

improve differentiation by considering the spatial context in the tile and the shape of
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the plume. We test two variants of the model, one uses only the maglc MF product,
while the other adds the RGB bands from the AVIRIS-NG data (namely the bands
with central wavelengths at 640nm, 550nm and 460nm). The assumption is, that if a
human expert can use the RGB information to detect a potential confounder material
(such as a roof of a house), so should be able our trained model.

As a machine learning baseline, we also use a simple 5-layer convolutional neural
network (CNN) for the hyperspectral scenario. This model serves as an exploration
of if models simpler than the U-Net architecture could be leveraged (we are interested
in this, namely due to their decreased number of parameters and the correspondingly
faster training and inference times). Namely, this model has 4 convolutional layers
with kernel size of 3 (with the number of channels increased from the input dimension
of 4 to 64 and eventually to 128) each followed by a ReLU activation layer. Finally,
the model uses a single convolutional layer with kernel size of 1 to match the number
of the output bands (in this case 1).

In general, we use several simple rules to convert the semantic segmentation output
of any of these listed models into classification per a whole considered tile. We note
that more advanced methods (including training classification models) could be used.
We threshold the output of the model by the value of 0.5 to obtain a binary output
map. If the sum of the active pixels is larger than 10, we consider this tile to contain
a plume. We will use this conversion when evaluating the performance of our model

on per tile classification scores.

4.6 Experimental Setup

Both variants of the models (multispectral and hyperspectral) are trained with similar
settings, however there are few differences we experimentally confirmed as providing
better performance. While the HyperSTARCOP model is trained from scratch (ran-
domly initialised weights), we initialise the encoder network of the MultiSTARCOP
with weights pre-trained on the ImageNet dataset.

For all training runs, we use the Adam optimizer with learning rate of 0.001. We
use a scheduler which halves the learning rate on plateau (after 4 epochs of patience).
In total we train for 15 epochs. We use a batch size of 32 tiles, each with 128x128px
(sampled with 64px overlap) and a variable number of bands (from one up to four,
depending on the used inputs).

Despite selecting the same number of tiles with and without plumes, we are dealing

with unbalanced data at least in terms of the number of pixels for each of these classes
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(methane plumes tend to be small in the context of the entire tile). For both models
we assign each extracted tile in the dataset a weight given the inverse of the fraction
of plume pixels in said tile. Then we use the WeightedRandomSampler provided by
the PyTorch library, which effectively balances the distribution of the data. When
training the MultiSTARCOP model, we also use the weighted binary cross-entropy
loss with plume weight of 15.

For the HyperSTARCOP model, we instead consider a novel training loss for the
context of methane plume detection with hyperspectral data. We compute the binary
cross-entropy loss for each tile, but before computing the average over all pixels in one
tile, we weight the loss values by a prepared product derived from the matched filter.
This approach is similar to the steps taken in the U-Net paper [Ronneberger et al.,
2015], where regions at the boundaries between two segmented objects were weighted
higher as to improve the delineation of the detections. In our case, we use the matched
filter product, which we scale between 0.1 and 1 (first dividing it by 400 and then
clipping it into this range) as the weight for each pixel. This means that areas with
high values in the matched filter, will contribute higher to the computed loss of the
model. This concerns both areas of methane plumes, but also areas of confounder
materials (where we show the model through the label that they shouldn’t be detected
despite having large values in the MF product). The 5-layer CNN baseline model uses
the same settings.

Finally, for training these models we use the n1-highmem-8 instance on the Google
Cloud Platform with one NVIDIA Tesla V100 GPU and 52GB of RAM. A typical
training run takes about 6-8 hours, depending on the number of inputs of the models
(and also the I/O speed of the used data storage).

In all our trained models we normalise the data band by band using min-max
normalisation with statistics calculated from the training dataset. We compute these
normalisation parameters for each of the methane enhancement products including
band ratios and matched filters.

When using our trained hyperspectral models with data from the EMIT sensor,
we are able to compute the same matched filter products and to select the closest
bands to the ones that were used from AVIRIS-NG. We re-normalise these bands
using the statistics from the original training dataset to move the data into ranges

expected by the models.
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4.7 Results

In this section we present the results of our proposed multispectral and hyperspec-
tral machine learning models compared with the classical baselines used for both
modalities of the data.

For semantic segmentation results we report the F1 scores of all pixel values in
each tile, dividing the dataset into two broad categories - strong and weak emissions.
In the codebase of Ruzicka et al.|[2023b] we differentiate these by the number of
plume pixels in the label, if they are beyond 1000. We note that we also considered
splitting by the quantification of 1000 kg/h - this can be also done, but then the splits
won’t match our reported numbers. We also report the area under the precision-recall
curve (AUPRC) score, which is independent of the choice of the threshold (by default
for F'1 scores set to 0.5). Classification per each tile is converted by using the simple
rule of having more than 10 active pixels (after thresholding by 0.5). We note that
the used thresholds could be tweaked to create a more sensitive system (balancing
recall and precision).

Figure [4.1] shows prediction of our models and the classical baselines over a single
selected large plume event from the evaluation dataset. We note that the multispectral
baseline has the most false positive pixels, as it is difficult to differentiate between
high band ratio values caused by methane plume or by the presence of confounder
material. The MultiSTARCOP model does better in filtering out false positives in
the scene, however it is able to reliably detect only the start of this strong plume
(where the methane concentrations are the highest). In contrast, the hyperspectral
data allows both the baseline and our trained HyperSTARCOP model to improve the
semantic segmentation of the methane plume.

Figure [4.8 shows more qualitative examples from three types of events in our

dataset - strong plume events, weak plume events and no-plume tiles.

4.7.1 Performance on multispectral data

We have trained machine learning models on different methane enhancement prod-
ucts computed from the simulated WorldView-3 data (namely the bands in the SWIR
region). In Table we present the AUPRC and F1 scores of the semantic seg-
mentations and the FPR of the converted classifications of the trained models com-
pared against classical baselines. As a baseline we show the Sanchez band ratio
(B8«B8yr), we however note that all baseline methods had similarly low scores.

We show that these methods cannot be easily used for automating detections.
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Figure 4.8: Showing the qualitative results of our models evaluated on strong plume
samples (in the first two rows), on weak plume samples (in the second two rows) and
finally on samples that are known as confounders (in the last two rows). Left to right
columns in each sample shows: the RGB bands of the AVIRIS-NG data, the nor-
malised maglc product computed from the hyperspectral data, the normalised Varon
ratios between bands B7 and B5 from the multispectral view of the data, prediction
of the MultiSTARCOP model and the HyperSTARCOP model in comparison with
the ground truth label. In the first three columns we show the areas outside of the
sensor swath (no-data areas) with black background.
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Table 4.2: Results of the MultiSTARCOP models on the test set, we show results of
our proposed model in comparison with the existing baseline. We show the average
results of 5 training runs of our models.

F1 (strong) T F1 (weak) t  FPR by tile | AUPRC 1

Ratio baseline 7.44 0.5 100.0 N/A
Our (Varon) 30.72 £ 2.87 10.35 + 1.52  87.89 4 4.67 11.92 £ 1.35
Our (Sanchez) 26.59 £ 3.13 9.32 £ 1.05 94.4 £ 1.30 9.96 £ 1.43

Our (Varon+Sanchez) 31.89 4+ 2.44 11.04 £ 0.75 90.51 +4.23 13.04 £ 1.96

Models trained with a combination of Varon and Sanchez ratios obtain the best
F1 and AUPRC scores, while the model using only Varon ratios achieved the best
(lowest) false positive rate by tile. In all cases the performance drops rapidly when

considering weak methane plume events.

4.7.2 Performance on hyperspectral data

Table 4.3: Results of the HyperSTARCOP models on the test set, we show results of
our proposed model in comparison with the existing baseline. We show the average
of training 5 runs of our models. F1 score is reported also for subsets of strong and
weak plumes. FPR is reported for tiles after converting to classifications. MF here
refers to the maglc matched filter product.

AUPRC 1t F171 (strong) (weak) Prec. T Rec.t IoU?T FPR |

MF thr. baseline N/A  40.14 67.50  39.95 30.07 5842 25.11 7543
5-layer CNN 42.89  40.23 73.06  34.03 29.17  69.22 2524  59.20
+1.2  £3.6 +2.5 +3.1 +6.2 +9.0 £29 +3.8
Ours, MF only 49.41  49.23 74.15  47.57 37.25 7437 3272 52.11
+5.5  £3.8 +6.1 +4.2 +4.8 +9.0 £34  +£11.0
Ours, MF+RGB 51.99 50.26 81.96 4342 37.53 78.39 33.63 43.66

+2.8 +£3.8 +3.7 +5.7 +5.8 +6.6 +3.4 +7.4

We have trained machine learning models using the hyperspectral methane en-
hancement product computed with matched filter from the original AVIRIS-NG data.
We also add a variant with extra RGB bands alongside this MF product, as means of
accessing the background information in the scene. Both trained models are compared
against the thresholded matched filter product which we consider as the classical hy-
perspectral baseline. Table shows the comparison between these variants - in
this case we report more detailed metrics to allow for easier comparison with later

developed models from Chapter f] When comparing the proposed models against
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Figure 4.9: Results on example plume and confounder samples from the EMIT
dataset, showing the baseline method and our HyperSTARCOP model using
MF+RGB as inputs.

the classical and simple machine learning model baselines, we observe better scores in
all metrics. Interestingly, our model with “MF + RGB” outperforms the “MF only”
variant on strong plume events in F1 score, while receiving lower F1 score for weak
events. Overall, the proposed models provide better semantic segmentation of the

methane plumes, while also being less sensitive to noise and confounder materials.

4.7.3 Zero-shot generalisation on EMIT

We use the hyperspectral models trained on dataset from the AVIRIS-NG sensor
in a zero-shot manner with data from the EMIT sensor. Despite the differences in
the sensor configurations, ground and spectral resolution, we see that the model can
be used to detect methane plumes. Figure [4.9) shows the predictions made on tiles
with and without plume events. We see that the HyperSTARCOP model refines the

detections made by the matched filter baseline (namely in reducing the number of blue

92



false positive pixels). Importantly, two desired properties were transferred despite
using the model with data from another instrument, the capability to outline methane
plumes and the robustness to rejecting the false positive detections of confounder

materials (for example in urban environments).

Table 4.4: Results of the hyperspectral models on EMIT. We show the average of
training 5 runs of our models. MF again refers to the maglc product.

AUPRC 7t F171 Rec. 1 Prec. 1
Baseline on EMIT N/A 35.25 65.8 24.08
Ours, MF only 46.61 + 4.61 42.54 + 5.22 31.09 + 5.43 68.93 + 4.72

Ours, MF+RGB  53.29 + 8.08 49.45 4+ 10.79 38.78 + 1248 73.17 £ 7.40

Table [4.4] compares the performance of the matched filter baseline against our
two trained model variants. We see increase in most metrics when using the machine
learning models trained with RGB and the MF product as inputs in contrast with the
MF only variant. We note that the standard deviation of these results is higher than
when using the AVIRIS-NG data, this is however consistent with the fact that the
models has to generalise to previously unseen data and has to cope with associated

spectral and spatial biases learned for the other instrument.

4.8 Discussion

The presented results confirm that machine learning models can reduce the number
of false positives and that they outperform classical baselines. This holds true for
the simulated multispectral scenario, where the high noise in band ratios prohibits
their usage for automated plume detection. The proposed MultiSTARCOP model
improves the detection of plumes in multispectral data, however the scores remain
relatively low. We estimate that, as was confirmed by other works [Varon et al., 2021],
having access to multiple timesteps would further improve this performance.

In the hyperspectral scenario, we see that the HyperSTARCOP model could be
used to automate methane leak detections in satellite data. Our “MF + RGB” model
outperforms the MF baseline by 21.51% in F1 score for strong events and by 8.68%
in F1 score for weak events. It also reduces the false positive rate by over 42.12% in
contrast to the baseline. We note that the improved semantic segmentations of the
detected methane plumes can also be used in other following tasks, such as plume

quantification. There, the MF product is accumulated over the whole area of the
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plume, so having a binary mask predicted from our model could reduce the effect of
nearby confounders.

When evaluating our model pre-trained on AVIRIS-NG data for generalisation
across other hyperspectral instruments, we see improved results in a small evaluation
dataset of events in EMIT. There, we improve the F1 score by up to 40.28% over
the baseline. Furthermore, we see the “MF 4+ RGB” version outperforming the “MF
only” version. We highlight that our work [Ruzicka et al., 2023b| was the first one to
use machine learning models to make predictions on data from the then new sensor
EMIT for the task of methane leak detection.

Our multimodal dataset creation allows for direct comparisons between multispec-
tral and hyperspectral instruments and models. Detection presented for example in
Figure illustrates the potential use of our proposed models for a tip-and-cue sce-
nario on-board of satellites. Even a weak detection can trigger a tip-off signal which
could autonomously schedule follow-up observations by other hyperspectral instru-
ments. While the shape of the plume may change with the passage of time, it would
provide another evidence and would allow a more accurate estimation of the plume

emission size.

4.9 Summary

In summary, we answer the explored research questions connected to the specific
application of methane leak detection showing that automation of these detections
would be possible. With more labelled datasets from upcoming satellites, our pro-
posed models will become even more reliable.

In the context of the task, many future instruments will be used for detecting
methane leaks. We explore this multimodal environment by training models both
on the multispectral and hyperspectral modalities of the data. Furthermore, we
demonstrate zero-shot generalisation capabilities between two instruments.

Importantly, we contribute to the research in this domain by publicly releasing
all data of our datasets, the code and the trained model weightdl] Our is one of the
first large enough datasets that could be considered as a benchmark dataset for this
domain, furthermore it includes higher quality labels given the manual inspection and
refinement described in this chapter.

In our work, we encounter several limitations, which in turn inspire directions for

future research. We note that all of the models presented in this chapter still rely on

'https://github.com/spaceml-org/STARCOP
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classically computed products (band ratios or the matched filter products). If we lost
some information by computing these products, the models have no way of recovering
it from the original raw data in individual bands. The chosen iterative version of the
matched filter also remains to be prohibitively slow for potential on-board deployment
of the proposed models on satellites. In follow-up research presented in the next
chapter, we therefore address this by considering all hyperspectral bands with end-
to-end machine learning models. We also note the relative simplicity of the used U-
Net architecture, which we address by exploring more modern semantic segmentation
architectures.

In future work, more global datasets should be considered. While the used
AVIRIS-NG campaign provides large amount of samples, they remain to be concen-
trated in relatively local area of Four Corners in the USA. Additional flown campaigns
improve this coverage, but we would like to explore truly global datasets with samples
from geographically diverse zones. Thankfully the current missions such as EMIT and
future missions such as SBG will provide just that. Finally, methane detection in-
cludes many additional tasks beside semantic segmentation of the plumes. Additional
outputs could be considered when constructing new datasets and when training new

machine learning models.
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Universal Detection from Satellites

5.1 Introduction

The central problem addressed in this chapter is the design of architectures that
would act as universal detectors capable of training to detect any poten-
tial target chemical signals (Q3) in data from hyperspectral instruments (also
known as imaging spectrometers). These instruments capture images at high spectral
resolutions allowing a wide range of applications for detecting phenomena observable
in this data. Each specific application introduces domain specific solutions for de-
tecting the events of interest. These are usually manually crafted sets of rules, which
tend to be brittle to real-world conditions and noise in the data. They may also
introduce new dependencies on data from external sources. Such an example was
explored in the previous chapter on the task of methane detection, where we saw that
machine learning models present a pathway for improving existing classical meth-
ods such as matched filters. Another example would be the broadly defined task of
mineral identification in hyperspectral images, sometimes described as spectral end-
member disentanglement using a library of spectral signatures and a set of cascading
hand-crafted rules used to identify each hyperspectral pixel in the image. These and
other examples can benefit from deep learning approaches, where salient features are
learned directly from the data (rather than relying on classically derived products).
By removing the dependency on classically computed products, we also gain in com-
putational efficiency in several tested tasks. We aim to deploy the proposed general
machine learning architectures on-board of hyperspectral satellites.

These aspects are illustrated on Figure [5.1], where we compare prior specialised

approaches with unified processing pipeline using general machine learning models.
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Figure 5.1: Illustration of unifying processing pipelines for different downstream tasks
with general machine learning models. On the example of methane detection we also
illustrate the potential speed-up of event detections.

Hyperspectral imaging is recently undergoing a revolution in terms of novel sensing
instruments being deployed on satellites and other deep space exploration missions.
The NASA’s EMIT mission, an early example of such an instrument, already provides
near global observations of the entire Earth at relatively high ground resolution (1
pixel being 60x60m area) and high spectral resolution (spectral sampling of 7.4nm).
Data from hyperspectral instruments can be used for a wide range of tasks, beyond
just the example of methane leak detection explored in the previous chapter. This
is in fact the motivation behind NASA’s upcoming Surface Biology and Geology
(SBG) mission [Cawse-Nicholson et al., 2021], which aims to provide data collection
for tasks relevant to climate change, biodiversity monitoring, carbon storage and for
differentiation between minerals, chemical pollutants, plant health monitoring and
others. The aim is to capture data at improved ground resolutions (30x30m) and with
vastly improved revisit time (proposed 16-days instead of the unpredictable schedule
of ISS). We are familiar with such global and high cadency coverage of Earth by
other multispectral satellites such as Landsat 8 and Sentinel-2. These have enabled
detection of many events of interest, and also provide a true archive of the state of
the planet over the years of their missions. As such, they have been heavily used in
the Remote Sensing literature [Santos & Gongalves| [2014; [ED Chaves et al., 2020].
More indepth description of current and upcoming imaging spectroscopy missions is
available in Section 2.2.11

When training machine learning models on remote sensing data, we often en-

counter simple reuse of of-the-shelf architectures originally proposed in the domain of
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computer vision. One such example would be the adaptation of the U-Net architec-
ture we presented in Chapter {4 for the task of methane detection. We however note
that these models are not inherently suitable for data with high spectral dimensions
due to reasons explored in this chapter and that reusing default versions of these
models can lead to a loss of performance.

To explore and propose novel machine learning architectures or their adaptations
to new types of tasks, we primarily need large and qualitatively annotated datasets.
These are still mostly missing, which is why we have to create new dataset and
sometimes we need to opt to simulation of synthetic events in the data. We note
that the findings we make on these created datasets generalise beyond the simulated
datasets into real world data and to other tasks.

Furthermore, a number of tasks related to the SBG mission could benefit from on-
board automation. Namely, the detection of disaster events, hazardous materials or as
previously explored gas emissions. On-board detection could trigger an early warning
signal allowing fast on-the-ground reaction to the event. Automated scheduling of
follow-up observations would also ultimately bolster the evidence of these events and
maximise the collected science. This is often an underexplored direction of research,
which dictates additional constraints to the proposed machine learning architectures.

Concretely, in this chapter, we propose adaptations to several modern machine
learning architectures used for semantic segmentation. Concretely, in this chapter we
introduce a family of machine learning models adapted to work with hyperspectral
data called HyperspectralViTs. Their naming follows the rule that these are Hy-
perspectral adaptations of modern Visual Transfer (ViT) models. Two instances
of these are the HyperSegFormer adapted from [Xie et al., 2021] and HyperEffi-
cientViT adapted from [Cai et al., 2023]. We improve the processing of hyperspec-
tral data using deep learning end-to-end models. Key insight is that end-to-end deep
learning models are capable of extracting more valuable information from all provided
bands of hyperspectral data - in contrast models depending on classical features are
limited by their quality.

We explore two specific detection tasks with data from the EMIT sensor, for which
we create three new labelled OxHyper datasets. Firstly, using the insight from the
previous chapter, we create OxHyperSyntheticCH4, a global synthetic dataset of
methane leaks events in EMIT data using shapes of real events from the AVIRIS-NG
data for simulation. We also evaluate the trained models on OxHyperRealCH4, a
new, smaller dataset of real methane leak events captured by the EMIT sensor. Sec-

ondly, we create OxHyperMinerals a dataset of mineral classes in the EMIT data
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using a robust classical method as a source of pseudo-ground truth labels. Finally,
we explore the deployment of the proposed machine learning models on-board of low
compute environments including a proxy of a real-world satellite.

Our research has implications for many real-world tasks connected with the ex-
plored hyperspectral (imaging spectrometer) data. These span across novel Remote
Sensing missions observing the Earth, such as NASA’s SBG [Cawse-Nicholson et al.,
2021], NASA’s Carbon-I, the ESA’s CHIME [Rast et al. 2021] and others from pri-
vate companies such as the MethaneSAT |Miller et al|[2024] or Planet’s Tanager-1
[Barentsen et al., 2024]. They are however also relevant to missions to other plan-
ets equipped with imaging spectrometers including the Moon [Ehlmann et al., |2022]
with the Lunar Trailblazer mission, the Europa Clipper mission to Jupiter’s moon
[Poulet et al., 2024] with the MISE (Mapping Imaging Spectrometer for Europa) sen-
sor Blaney et al.|[2024] and others. On-board autonomy would enable maximisation
of collected science [Wagstaff et al. 2019; Kerner et all 2020] by intelligent decision
making and salient sample selection for downlinking.

Finally, the improvements to the existing machine learning models have concrete
implications to the two explored tasks of interest, methane leak detection and mineral
identification from space. Namely, on the task of methane detection we reach a new
state-of-the-art performance. The work presented in this chapter has been made

public in our pre-print paper Ruzicka & Markham| [2024].

5.2 Background

In this section we outline methods and data sources relevant for our work in this
chapter. More details are included in the Chapter [2]

5.2.1 Domain

Imaging spectroscopy (or hyperspectral) data allows for detection and modelling of a
wide range of tasks. As an overview, we explore two specific missions: NASA’s SBG
and ESA’s CHIME instruments.

The planned NASA’s Surface Biology and Geology (SBG) instrument [Cawse-
Nicholson et all [2021] is based on the identified need for global high-resolution in-
strument with observation of wavelengths ranging from visible, shortwave infrared
(VSWIR; 380-250 nm) to midwave (MWIR; 3-5 pm) and thermal infrared (TIR; 8-12
nm). Namely the VSWIR range overlaps to what we encountered with other instru-
ments such as AVIRIS-NG and EMIT. Due to its wide spectral range, it is relevant
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for a very large number of tasks. To name a few identified by the NASA’s Decadal
Survey [NASEM, 2019]: terrestrial and aquatic ecology, atmospheric science, geology,
hydrology (water use and quality), biology (vegetation traits and health), agriculture,
snow and ice, disaster events and changing land use. The SBG Algorithm Working
group has explored algorithms used for a subset of these tasks in [Cawse-Nicholson
et al), 2021]. Majority of these consider classical domain specific methods and ma-
chine learning models remain a minority. Nonetheless their exploration highlights
that machine learning models will likely be needed in the light of the large quantity
of data collected every day and the required speed of processing.

The Copernicus Hyperspectral Imaging Mission for the Environment (CHIME)
instrument [Rast et al.,|2021] from ESA follows similar motivation and observes spec-
tral wavelengths between 400-2500 nm. Relevant domains include: agriculture, food
security, forestry, raw materials and soils, biodiversity monitoring and detection of
environmental degradation both inland and in coastal regions.

In fact, both instruments have similar observation requirements (in the VSWIR
range), provide similar products and are planned for launch at similar time frames.
NASA-ESA cooperation has been highlighted by both [Cawse-Nicholson et al., [2021]
and [Rast et all 2021] papers. Harmonisation of the CHIME and the SBG-VSWIR
data could reduce the average revisit time for each location from the estimated 16
days to about 8 days, similarly as has been previously done with harmonisation
of Landsat 8 and Sentinel-2 imagery in |Claverie et al., 2018]. Domain-to-domain
generative machine learning models based for example on the CycleGAN [Zhu et al.,
2017] architecture could be used to translate between these modalities.

For this chapter, two types of tasks are especially relevant: methane plume de-
tection belonging to atmospheric sciences and mineral identification which can be
considered as spectral unmixing in the field of geology. Methane leak detection has
been more closely explored in the previous chapter. Most methods depend on manual
detection made by experts after processing the raw hyperspectral data into so-called
methane enhancement products. A family of these products are based on matched
filter (MF) approaches and their improvements [Foote et al.,2020]. Mineral identifica-
tion in hyperspectral data can be formalised as spectral unmixing, that is identifying
which individual endmembers from a spectral library of chemical and mineral con-
stituents create the observed signature. One classical approach is the Tetracoder
program |Clark et al., [2003] which uses a cascade of manually derived rules to com-
pare observed spectral feature with a reference spectral library of minerals. It isolates

discriminative portions of spectra known for each mineral using continuum removal
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techniques [Clark, |1999] and then computes degree of fit metrics for each item in the
library. It has been described as a simulation of the process a trained mineralogist
would do when looking at the hyperspectral data.

Despite the differences between the domains of the two tasks there are several
similarities in the used methodologies (matched filter and Tetracoder). MF tries to
detect a single weak gas signal (here methane) layered over an estimation of changing
scene background. In contrast Tetracoder focuses on the surface materials, this time
comparing the observed signature with a library of candidate minerals and their
mixtures. Both methods operate only on pixel-by-pixel basis. While MF models the
background from a surrounding neighbourhood, the spatial shape of the potential
methane plume isn’t considered. Likewise, Tetracoder doesn’t consider the spatial
pattern of the detected minerals. The compute environment needed to run some of
these classical methods requires a lot of effort to setup. The iterative versions of the
MF can also be prohibitively slow to run on low compute devices. While Tetracoder
was used on data from very different sources - Earth, Moon, Mars and Saturn -
it needs a considerable amount of manual tuning of the used rules and addition of
scenario specific decision trees and items in the spectral library. Similarly, the MF
based techniques require manual input by trained experts to detect the actual leaked
methane plumes.

What connects the classical methods used across different disciplines is the re-
liance on manual tuning and brittleness to in-the-wild and potentially noisy data.
Deep learning approaches could outperform these classical baselines, by being able to
automatically derive robust discriminative features from raw data in an end-to-end
learning scenario. The natural bottleneck for training deep learning models is the

access to large, labelled datasets.

5.2.2 Datasets

Datasets with large number of hyperspectral images and reliable source of labels are
rare and usually there is a lack of diversity in terms of the coverage (many earlier
sensors were aerially deployed only over specific location around the world). To make
matters worse, many research papers work with very small datasets composed from
just a few data captures such as for example: Indian Pines, University of Pavia,
Houston or Salinas. As noted by the overview of [Signoroni et al., 2019], this data is
further split into a very similar and very local training and testing datasets, which
leads to vast model overfitting and unrealistic results that couldn’t really generalise

to any new locations.
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One example of a recent and large dataset is presented by the work of |Fuchs &
Demir, [2023|, which provides hyperspectral images from the EnMAP sensor. The
focus of the paper is however on the task of image compression, which doesn’t require
labelled data. Very recent examples are presented in the works on Foundation models
in Wang et al.| [2024] presenting dataset of hyperspectral images collected from the
sensor on Hyperion EO-1, and Braham et al| [2024] with data from the EnMAP

sensor. These datasets however don’t have labels for methane leak events.

5.2.2.1 Methane leak datasets

Several works in the domain of methane detection started using aerial data from
the AVIRIS-NG sensor collected over several flown campaigns partially labelled by
[Cusworth et al) 2021]. The same source was used to create datasets for machine
learning models in [Kumar et al., 2023] and work presented in the previous chapter
[Ruzicka et al) 2023b] - in the latter case, we also further manually checked and
improved the quality of labels.

More recently, data from the near-global sensor EMIT became available, and while
the quantity of the captures scenes is very large (in February 2025 over 131k granules),
there aren’t any established benchmark datasets. Some initial annotation of methane
leaks is gradually released as the “EMITL2BCH4PLM.001” product on the NASA’s
data portal [Green et al.l 2023]. Furthermore this mission is planned to continue
collecting data at least through the year 2026. We note that we collect some of this
data for use in this chapter.

Earlier works in the domain of methane detection resorted to simulation of methane
leak events into clean hyperspectral scenes. In [Jongaramrungruang et al. 2022] the
Large Eddy Simulation (LES) [Matheou & Chung, 2014] was used to create realis-
tic plume outlines which are mixed with background noise of specific AVIRIS-NG
scenes. The workshop paper of [Groshenry et al, 2022] instead uses the shapes of
methane leaks detected in the Sentinel-2 data and mixes them with background noise
of scenes from the PRISMA instrument. Finally, the work of [Joyce et al., 2022
simulates several plume configurations and mixes them into 36 selected background
scenes from the PRISMA instrument. In contrast to the previous two works, they
simulate the methane leak events directly into the hyperspectral datacubes instead
of simply adding them as a combined matched filter product. We however note that
none of these works have released the data used for training their models or their

code.
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5.2.2.2 Mineral datasets

Datasets for global mineral identification across the entire globe are also missing.
Works such as [Wan et al., 2021] evaluate their methods on just two airborne hyper-
spectral captures. Works such as [Clark et al., 2003] compare their methods against
several well studied scenes such as the Cuprite or Alunite Hill scenes - these have been
sparsely in-situ sampled to provide verification data. Note that large scale differences
exist when comparing in-situ measurements and space based instruments (where one
pixel can cover over 60x60m area).

Only recently, the data from the EMIT instrument were processed with the ad-
justed Tetracorder code to produce very initial, near-global maps of minerals. These
are available as the “EMITL2BMIN.001” product in the NASA’s data portal [Green,
2023]. We note that we can use these initial maps as a sort of pseudo-ground truth

for training machine learning models.

5.2.3 Machine learning models

The de facto standard machine learning model used for the task of semantic segmen-
tation is the U-Net architecture [Ronneberger et al.,2015]. With its encoder-decoder
networks connected by skip connections which effectively allow the models to separate
the scale of the learned features, it is often used even on relatively small datasets.
It’s Siamese adaptation has been used in an active learning loop for change detection
and has proved to learn relevant features even in very small initial datasets [Ruzicka
et al., [2020].

In this chapter we will explore more modern Transformer based models used for se-
mantic segmentation such as SegFormer [Xie et al., 2021 and EfficientViT |Cai et al.,
2023]. Transformer based architectures have recently shown promise when working
with very large datasets, where they outperform the older convolutional models. They
can also be abstracted into the encoder-decoder paradigm, where in the encoder net-
work they use transformer blocks and, in the decoder, a MLP block. Furthermore,
due to higher computational and memory requirements, they employ few efficiency
tricks, such as strict spatial resolution reduction throughout the model. As such,
the basic version of these models operates with output at 4x reduced resolution in
contrast to the input.

While there are adaptations of existing architectures specifically in the domain
of hyperspectral data, these models remain to be tested only on very small datasets.

Overview of [Shirmard et al., 2022] lists typically used methods, but only a subset
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of these uses machine learning models and only a fraction adapts these models for
hyperspectral data. The work of [Sun et all 2019] experiments with adding 1D
convolutions into simple models to separate processing of spectral and spatial data
from scenes such as University of Pavia, Indian Pines and Salinas. Meanwhile the
work of [Yu et al) 2020] adds 3D convolutions to learn spatial as well as spectral
relationships on data from the same scenes and adds the Kennedy Space Center
scene. The work of [Zhao et al., 2020] uses a LSTM based model on one region in
Nevada with data from AVIRIS-C (Classic). We note that in all of these works, the
used scenes are very small, and in fact even just two samples from our previously
proposed datasets would cover larger area. We underline the need for large, diverse

datasets to properly evaluate any proposed new machine learning architectures.

5.2.4 On-board processing

While on-board processing on multispectral satellites have been demonstrated with
few recent works [Mateo-Garcia et al, 2021], including our own work presented in
Chapter 3| [Ruzicka et al., 2022], similar processing of hyperspectral data on-board
remains limited.

As early as during the demonstrator mission of Earth Observer One (EO-1) space-
craft, six specific spectral channels and a thresholding algorithm was used for on-board
cloud detection (other tasks were also explored such as flood mapping, change de-
tection and generalised feature detection of sand dune scenes) [Chien et al. 2005].
Anomalous spectral discovery on data from the EO-1 was later explored in [Thomp-
son et al., 2012] to produce scene summary maps and to generate a list of salient
features which could be used for prioritization of scenes for downlink. In the work
of [Thompson et al., [2015b] a non-iterative matched filter was used for real-time vi-
sualisation of data during an airborne campaign. It was shown that having a direct
visualisation of methane plumes from the overflown scenes has increased the number
of captured events of interest. We note, that these visualisations however needed a
human interpretation during the flight, which prevents easy automation of the pro-
cess. Finally, the recent instrument EMIT used an on-board cloud detection system
(threshold detection in five specific spectral channels) to filter which scenes should be
sent to the ground [Pham et al., 2023].
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5.2.5 Challenges and opportunities

First and foremost, there aren’t many machine learning ready datasets in the domain
of hyperspectral data that would be large, diverse and with high quality of labels.
We are however able to use the datasets prepared in the previous chapter with new
archives of data from the recently deployed near-global sensor EMIT to create datasets
with synthetic and real event labels. Furthermore, the outputs of classical methods
for mineral identification were released alongside the raw data captures. These can
be used as pseudo-ground truth labels for our models. With these, we are able to
create large datasets for two types of tasks of interest: methane plume detection and
mineral identification.

Many existing classical methods are prohibitively slow for potential on-board de-
ployment and simple approaches such as selected bands thresholding and default ver-
sions of the matched filter method produce many false positive detections. Trained
machine learning models running on-board of communication constrained devices
could enable a new paradigm shift. Many tasks relevant to the SBG mission could
benefit from on-board detection and intelligent decision-making in the form of alert
signals, prioritized downlink or automated follow-up observation scheduling. Similar
instruments will be hosted on mission to other planetary bodies, where the commu-
nication bottleneck is even more constrained and the need to maximize the amount

of scientifically relevant data is more prominent.

5.3 Method

In this chapter we approach two classical tasks with newly adapted deep learning
architectures. In order to do so, we create three new datasets using data from recently
launched sensor EMIT. When needed, we simulate synthetic events, we also use real
events and in one case resort to generation of pseudo-ground truth labels using prior
classical methods.

The first approached task continues our work from the previous chapter on methane
leak detection in high resolution hyperspectral data. This task focuses on the de-
tection of faint gas signals in the atmosphere against variable surface backgrounds.
We create a new dataset of synthetic events in the EMIT data using our previous
STARCOP dataset from the AVIRIS-NG data as a source of methane plume shapes.
Additionally, we collect a smaller dataset of real methane leak events and also evaluate

against previous datasets made in Chapter [
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The second task is mineral identification, effectively a spectral unmixing from
observed hyperspectral data. Here we typically search for particular minerals on
the surface of the observed scene. Due to lack of available global datasets, we use
a prior classical method as a source of pseudo-ground truth labels. We aggregate
several separate components into larger mineral classes and select subset of three
frequently present minerals as a multi-hot label of classes: “Goethite”, “Hematite”
and “Kaolinite”.

Both tasks can be formulated as semantic segmentation using machine learning
models. The models learn a translation from the observed spatial data into selected
categorical labels predicted for all pixels in the image, the output prediction having
the same spatial resolution as the input data.

We explore classical models as baselines and compare them with what could be
called classical machine learning models. These use prior feature extraction methods
to project the rich hyperspectral data into more easily interpretable products, such
as matched filters, used by experts in the field. We instead propose deep machine
learning models that learn their own features directly from the data in an end-to-end
learning manner.

Section describes the creation of the needed datasets, presents the used
baselines and proposed models and finally discusses the used training setup and

hyperparameters.

5.4 Data

In this chapter we use data from two hyperspectral instruments. The aerial AVIRIS-
NG sensor previously used in Chapter |4 and the more recent sensor EMIT. These

sensors are more closely described in Section [2.2.1]

5.4.1 Mineral maps

Given the focus of the EMIT mission on mapping surface mineral dust sources, the
data is being released alongside annotation of mineral labels. The exact steps taken
to produce these labels are described in the theoretical basis document [Brodrick
et al., [2023]. The Tetracorder method of [Clark et al. |2003] was adapted for this
new source of data and its outputs are released in the NASA’s data portal as the
“EMITL2BMIN.001” product for each captured tile |Green, [2023].

The Tetracorder program defines its own categorisation of minerals in the so-called

Expert System Groups and Cases (this is however separate from geologic groups).
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Figure 5.2: Aggregation of mineral components into mineral classes. From left to right
we show a RGB visualisation of the scene, binary mask of three common components
for Hematite, the aggregated Hematite product (using in total 14 components) and
visualisations of a 3-minerals composites. In this example we map Goethite, Hematite
and Kaolinite as RGB channels. We note that for training models, we convert the
values of individual aggregated minerals into binary maps (as shown in the last col-
umn).

Mineral detection groups 1 and 2 are defined in |Brodrick et al., 2023] depending on
the region where they are observable. Group 1 consists of materials with electronic
absorptions in the visible and 1-micron region. Group 2 instead consists of observables
with narrow absorptions in the 2-2.5 micron region (such as clays, carbonates and
sulphates). The spectral range of EMIT (380-2500 nm), covers both ranges. These
two groups contain 87 and 294 individual constituent classes (in total 381 items in the
USGS spectral libraries). Each pixel is assigned an identification of a constituent in
Group 1 and in Group 2, both could also be kept without classification. This makes
the corresponding labels multi-hot (one pixel can have multiple classes).

Only an earlier version v0.2 of the theoretical basis document [Clark et al., [2020]
includes the detailed description of how these individual components are to be ag-
gregated together into what will be called the “EMIT10” product. At the moment
of writing and using this data, this product doesn’t exist yet, however, we were able

to reproduce the described steps. We aggregate the 381 constituents into 10 mineral
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classes, formally defined as M = {Calcite, Chlorite, Dolomite, Goethite, Gypsum,
Hematite, Illite, Kaolinite, Montmorillonite, and Vermiculite}.

For the 381 constituents predicted by Tetracorder, we know fractional abundances
of how much they appear in a given mineral class m € M. Following [Clark et al.,
2020, we aggregate the “EMITL2BMIN.001” product [Green, |2023] into binary labels
of each of the mineral classes as is illustrated on the Figure We note that these
labels are only initial and that we omit the information of the estimated quantity of
each mineral (abundance) and the uncertainty around these estimates - these will be
included in the future EMIT10 product, for simplification we are using only binary
maps (the difference is illustrated in the last two columns). We also highlight that
these products are computed from the Tetracorder outputs and despite the in-situ
validation of this methods at sites throughout the USA [Clark et al., 2003; Swayze
et al., 2014] there may remain some incorrect predictions. Given these factors, we
consider the generated labels only as pseudo-ground truth labels for training our
models. We however note, that given any updated version of the Tetracorder software,
or the full EMIT10 product which will be released in the future, or any potential
manual refinement of these labels, our models can be easily retrained.

Finally, we collect the aggregated mineral maps as labels and select a subset of
three mineral classes for full training: “Goethite”, “Hematite” and “Kaolinite”. These
were well represented in the datasets we were creating. Fach pixel is assigned a multi-
hot categorical label, as there can be an overlap between the individual classes due
to shared components that created these three class aggregates. One possible model
output is also a prediction that none of these minerals is present, this was highlighted
as an important feature of the Tetracorder system in [Clark et al) 2003]. The choice
of these selected classes was also motivated by [Connelly et al., 2021, which states
that “Hematite” is one of the most important mineral classes for its effect on radiative
forcing of dust, as it has approximately an order of magnitude stronger effect than

other minerals.

5.4.2 Methane leaks

We have previously created a large dataset of methane leak events in Chapter [4]
however it is only located in the Four Corners region in the USA. In this chapter,
we instead chose to use the data from the near-global sensor EMIT and sample more
diverse datasets. When conducting this research, the number of known real methane
leak events present in this data was relatively low, which is why we chose to create

another dataset with purely synthetic events in addition to one with real events.
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This also allows us to train models on synthetic data and then to test how much they

generalise to real events (optionally fine-tuning them if needed).

5.4.2.1 Synthetic events

We can simulate synthetic methane leak events in the clean hyperspectral datacubes,
given the knowledge of the expected signal of methane and plume concentration
data from real events. Unlike previous study of |[Jongaramrungruang et al., [2022],
which used plume shapes simulated using the expansive Large Eddy Simulation (LES)
[Matheou & Chung, 2014, we use real methane leak events from the similar hyper-
spectral sensor AVIRIS-NG, to inform the simulation. Namely, we use the STARCOP
dataset created in the previous chapter and in |[Ruzicka et al.) 2023b], given its im-
proved and manually refined labels and high diversity of plume sizes.
Mathematically, we can describe the relation between a datacube with and without

methane leak event using the Beer-Lambert absorption law [Foote et al., [2020] as:
Lsimulated<aa S) = Lelean * e (51)

where L refers to at sensor radiances in the hyperspectral datacubes (clean and re-
sulting simulated one), « to the concentration of methane at given location and s the
methane absorption at given wavelength. We note that the quantity « is usually the
one we are trying to estimate with matched filter approaches [Foote et all [2020]. As
such, we can use existing cleaned matched filter products as sources for this quantity
when simulating synthetic events. For s we query the values of the methane signature
at the wavelength of each band. Similar notation can be derived from the works of
[Sénchez-Garcia et al., [2022; Gorrono et al., 2022].

We then recompute the matched filter product from the simulated datacubes, this
product now contains both the simulated event and the background profile of the
scene (sometimes with confounder noise). We then manually explore these products
to make sure that the data points can be used.

Furthermore, we were interested in building a multi-temporal dataset, in order to
enable future research to test whether having access to multiple images of the same
location is beneficial for the model. The EMIT sensor is in operation since mid-2022
and has data available since the August of 2022. These observations contain many
cases of intersecting data captures. We uniformly sample these locations to obtain
balanced representation around the world. We avoid selecting locations with known

or suspected real methane leak events.

110



. Bi-temporal dataset
. —» of methane leak events
s¢ known [ ti Xt21 y ]

2 t, t,
» $, S, Q)
4 512 512
2 to 512 512
u

Orthorectified Simulation of realistic
overlapping data methane leak events

surce
iatehed filter ground truth

Locations with overlap in EMIT data

Figure 5.3: Illustration of the new bi-temporal dataset with near-global coverage.

We illustrate the steps used to make this dataset in Figure|5.3] First, we find areas
with a large enough overlap between captures (filtering cloudy and invalid data), and
we tile these overlapped regions as 512x512 px hyperspectral tiles. We note, that the
size of the original EMIT data captures is very large (typical granule of 1280x1242px
has around 1.9 GB), which is why the extraction of smaller tiles (512x512 px) around
the events of interest is needed. We keep the temporal distance between two passes
under 30 days. Each location is represented by a pair of hyperspectral datacubes,
we select only the second one for simulation of a randomly selected plume from the
original STARCOP dataset using eq. [5.1 We maintain the splits between train and
test source data so that the same plume shape doesn’t appear in the newly constructed
train and test subsets, as that could lead to overfitting. We further split the original
test labels into validation and test subsets in the created EMIT dataset (again, not
repeating the same plume shapes into the two splits). This will allow us to better
evaluate the models.

We use the L1B level of data processing of the EMIT data. We orthorectify
each sample and tag them with geo-location, this is needed in order to compute the
intersection between the data. We note that despite the initial orthorectification, the
pairs are not pixel-perfectly matched. This is consistent with the low processing level
of data on-board the satellite. As an optional step, we suggest the use of the GeFolki
algorithm [Brigot et al) 2016] to align pixels of the earlier sample with pixels of the
later ones. We note that running this algorithm further slows down the proposed
system. We note that we currently don’t leverage the multi-temporal data of this

dataset in our experiments and that it is published and prepared for future research.

5.4.2.2 Real events

In addition to these efforts, we also collected a dataset of real methane leak events
using products released as “EMITL2BCH4PLM.001” in NASA’s data portal as [Green
et al.,2023], which can be used as initial annotation. We searched for events between

August 2022 until October 2023, which resulted in 862 source plume events located
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Table 5.1: Overview of datasets created in this chapter. Each large tile has 512x512
px, when training we further tile these into 64x64 px tiles with 32 px overlap - the
size of the created training dataset is also listed. 2T refers to bi-temporal data. We
note that the STARCOP dataset from Chapter |4 used different tile sizes (128x128px
with overlap of 64px).

Datasets Bands Spectral range (nm) Train T. tiled Val Test
OxHyper-

SyntheticCH4 2T, 86 RGB, 1573-1699, 2004-2478 796 174341 198 200
RealCH4 86 RGB, 1573-1699, 2004-2478 279 54805 91 98
Minerals 285 381-2492 796 174341 198 200
STARCOP 125 RGB, 1573-1699, 2004-2480 3425 N/A N/A 342

in the total of 510 raw files (total of 1.1TB of data). We computed the matched filter
product for all raw files and selected a dataset of real plume events in a total of 468
large tiles of 512x512px. This was manually curated, namely we selected only one tile
for each cluster of nearby plume events (to prevent repetition of the same scene), we
also excluded entire tiles where we found missing annotation of some weaker plumes
(this could be later improved by manual annotation). Finally, we also excluded few
very weak and very diffuse events, and samples where we encountered computational
instability when computing the matched filter.

For these tiles, we used similar manual process as when we created the dataset
from AVIRIS-NG data in the previous chapter. Namely, we applied an experimentally
found threshold of 200 to the released matched filter product in |Green et al., [2023]
and processed the resulting binary maps with the opening morphological operation
to reduce the speckle noise in the labels. We note that this set of events can be
expanded in a multiple of ways. Primarily a more source events can be targeted, as
they get detected in the future (and from the so far not included months in 2023-2024
and beyond). The missing plume annotation can also be manually fixed in the tiles

which we excluded.

5.4.3 Datasets

In total, in this chapter, we create three new datasets, which we release under the
shared name of “OxHyper”, summarized in Table These datasets are made from
EMIT data, we also compare them with the previously created STARCOP dataset
from Chapter[dl Their global coverage is shown in Figure[5.4] While the newly created

datasets are smaller than our previous dataset, they are sampled globally following
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Figure 5.4: Locations of tiles used to create the OxHyper datasets of EMIT data.
We note that the same source tiles (including the same dataset splits) are used for
the minerals (where they contain more spectral bands) and the synthetic methane
datasets (where the methane leak events are added into the clean datacubes).

the availability of the EMIT data (and as such provide much improved diversity of
background scenes).

A particular care was taken when considering overlap between dataset subsets:
When constructing the Train, Validation, and Test subsets, we made sure that these
are made from not overlapping source data. Given the larger number of source im-
ages available for the creation of these datasets, we chose to create these splits using
geographically and temporally non-overlapping regions (in contrast to the datasets
created in Chapter [4] where we instead used only temporally non-overlapping data
over the same geographic area). As also discussed by |Signoroni et al.| [2019]; [Thomp-
son & Brodrick| [2021], some prior works that use hyperspectral datasets with machine
learning models fail to split the data between the training and evaluation subsets. This
may occur for example in cases of extracting tiles (sometimes called patches) from
original data and using these to train models that predict values only for the central
pixel. Although these works separate data according to different central pixels, some
of the area caught by the neighborhood of the tile may end up being included in
multiple subsets (allowing the models to overfit using this extra information). In this
work, we check for overlaps between the full extracted tiles to avoid this problem.

Firstly, we created the “OxHyperSyntheticCH4” dataset, a bi-temporal hyper-
spectral dataset of synthetically simulated methane leak events using the labels of
the STARCOP dataset with newly downloaded near-global hyperspectral datacubes
from the EMIT sensor. In total we keep 796 large tiles (of 512x512 px) in the training
dataset, 198 in the validation dataset and 200 in the test dataset. Each set is made

from completely non-overlapping sources of data (clean EMIT datacubes and labels
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from the STARCOP dataset from AVIRIS-NG data). In each subset, we uniformly
sample the available plume sizes, so that we have a similar distribution of event sizes.
Additionally, half of these tiles contain simulated events. We note that these large
tiles (of 512x512 px) are further tiled when training the models. When using the
tile size of 64 pixels with an overlap of 32 pixels, we finally get a training dataset of
174341 samples. The total size of this data is 228 GB.

Secondly, we create the “OxHyperReal CH4” dataset, a new mono-temporal hy-
perspectral dataset of real methane leak events. In total we have 279 large tiles in the
training dataset, 91 in the validation dataset and 98 in the test dataset. These have
reliable ground truth labels, which we calculated from the original labels provided
on the EMIT data portal and consequentially manually checked. We note that this
dataset is smaller than the other ones and training a machine learning model from
scratch could in theory lead to overfitting and poor generalisation, however it can
also be used for model fine-tuning and to test generalisation ability of models trained
on other datasets. The total size of this data is 47 GB.

Thirdly, we create “OxHyperMinerals”, a completely new dataset for mineral
identification, with labels of 3 selected mineral classes and source annotation for all
381 constituents (separated into two groups). In total we have 796 large tiles in the
training dataset, 198 in the validation and finally 200 in the test dataset. These large
tiles exactly match the tiles used in the synthetic methane events dataset, however
they do not contain the simulated events and contain more bands. The total size of
this data is 372 GB.

All large tiles have the spatial resolution of 60m and have 512x512 px. We further
tile these using tile size of 64 px with an overlap of 32 pixels. The two methane
datasets contain 86 spectral bands made of the RGB bands and ranges between 1573-
1699nm and 2004-2478nm. In contrast, the mineral dataset contains all 285 spectral

bands in between spectral range of 381-2492nm.

5.5 Models

In this section we define the used classical and machine learning baselines, list sev-
eral limitations encountered when using machine learning models in the domain of
hyperspectral data processing and finally we propose adaptations of several modern
machine learning architectures to overcome these limitations. While baseline meth-

ods for the two tested tasks differ, we will demonstrate that our proposed machine
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learning architectures can be used on in theory any task with similar input-output

modalities.

5.5.1 Baseline approaches

In this chapter, we tackle two distinct tasks, detection of methane leaks and mineral
identification, in both cases using hyperspectral data.

Methane detection, as has been extensively explored in Chapter [, is usually
approached with matched filter (MF) methods, one of these is the iterative MF called
maglc [Foote et al., 2020]. Simply put, MF methods process selected bands in the
original data and compare background contrasted data against a known signature of,
in our case, methane. They produce a single band methane enhancement product
(with values in ppmxm, parts-per-million-meter), which is typically used by experts
to manually detect methane plumes. As a baseline, we threshold the output of the
maglc filter with the experimentally found value of 500 ppmxm and apply opening
morphological operator to reduce speckle noise.

In Chapter [4, we proposed classical machine learning models based on the U-Net
architecture, that instead use the maglc product as one of its inputs, alongside the
RGB bands. We denote this model as “STARCOP MF+RGB”. It can be considered
as a classical machine learning model baseline.

Mineral detection in remote sensing data has been approached with a wide range
of classical methods which are described in the overview of [Shirmard et al.,2022], and
only a subset of these can be used with hyperspectral data. We explore two selected
methods, the Tetracorder system |Clark et al.,[2003| and the classical approach known
as spectral angle mapper (SAM) [Yuhas et al., 1992]. We note here that the pseudo-
ground truth labels that we want to train our machine learning models with, were
created with the Tetracorder system. As such, we can’t really use this widely applied
method as one of the baselines. When exploring the potentially simpler approach of
SAM, we noted that there are large differences in the predictions for a sample scene.
We note that there is a whole range of potential other distance metrics that could be
used between the currently observed data and samples in the spectral library as is
explored in |[Deborah et all, 2015].

As shown in Figure[5.5] the two methods don’t agree on the predictions. Therefore,
instead of using the SAM method, we limit our comparisons only between different
variants of the machine learning models. The potential usage of Tetracorder would
unfairly obtain perfect score (given the pseudo-ground truth labels) and other meth-

ods such as SAM would get unfairly low scores (given the observed mismatch between
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Figure 5.5: Comparison of the Spectral Angle Mapper (SAM) and Tetracorder meth-
ods over one example scene. We show the binary mask aggregated for three selected
mineral classes. Note that SAM predicted the same values for Goethite and Kaolin-
ite, as there is an overlap between components used for these two classes (and in this
scene there wasn’t anything else that would differentiate the labels).

the two method outputs). Until there is a manually verified dataset with validated
ground truth labels, we will only compare how well are the proposed machine learning
architectures capable of learning this pseudo-ground truth. Only a very small amount
of validation data is known from the in-situ measurements made on calibration scenes

such as Cuprite [Clark et al., 2003].

5.5.2 Deep machine learning

In contrast to the used baselines and classical machine learning models that operate
on the data produced from these baselines, we instead propose to use deep learning
architectures on the full hyperspectral data. Similar paradigm has been embraced
in the Computer Vision (CV) community by training deep learning architectures in

an end-to-end learning manner ever since training models on the ImageNet dataset

in [Krizhevsky et al), 2012] instead of depending on prior classical features such as

for example [Viola & Jones, 2001]. One critical difference is, that the typical Remote

Sensing (RS) data contains more spectral bands than what is common in CV (usually

just RGB). Data from Hyperspectral instruments typically have much higher spectral

116



dimensionality than other sources in both CV and RS.

In this chapter, we will compare several modern machine learning models based on
the Transformer architecture with previously used classical machine learning models
such as U-Nets. These architectures include the SegFormer [Xie et all 2021] and
the EfficientViT [Cai et al., 2023] models. Both can be described as encoder-decoder
models, where the encoder network uses Transformer blocks to project the input data
into high dimensional representations in sequentially reduced spatial resolution. The
decoder block is then connected by skip-connections with different spatial encodings or
the data. In the SegFormer model, a MLP block is used in the decoder network. The
EfficientViT architecture has been designed to reduce computational and memory
requirements of the other Transformer based models. In this chapter we will use

default versions of these two models as deep learning baselines.

5.5.3 Current limitations

Existing classical baselines in methane leak detection suffer from noise and high false
positive rate, also due to confounder materials. These show up on the computed
MF products and confuse potential detectors. These baselines also omit spatial in-
formation about the shape of the detected plume or mineral patch, as they operate
only on pixel-by-pixel basis. Dependency on classical products may introduce loss of
information. If the MF product misses a real plume event, the model has no way of
recovering it from the original data.

In addition, baseline methods such as the maglc filter or the Tetracorder system
introduce limitations due to slow computation and dependencies on other libraries.
We describe this as computational bottleneck, which would prevent the deploy-
ment of these methods on-board of satellites and other systems. We measure the
computation speed of methane detection baselines in several test devices. Machine
learning models could overcome this computational bottleneck by providing faster
inference speed on general and dedicated hardware.

However, even deep machine learning model may encounter difficulties when pro-
cessing hyperspectral data. This is due to the large spectral dimension of the data.
Machine learning architectures such as U-Net, SegFormer, EfficientViT and others,
were designed to work well with typical Computer Vision data, usually with only 3
bands (RGB). These models suffer from what we describe as informational bottle-
necks, when used end-to-end with hyperspectral data. We illustrate the limitations
on Figure [5.6]
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Figure 5.6: Illustration of the limitations of previous approaches and our proposed
HyperspectralViTs, adapted Transformer based architectures.

As an example, if we select 86 bands of data which are relevant for our task of
methane detection, the first layers in the vanilla versions of the used models reduces
the data volume by —95.34% in the case of either the SegFormer, EfficientViT or
U-Net (instead of increasing this volume by +33% as is common with RGB data).
We claim that this spectral bottleneck forces the model to get rid of most of the
potentially valuable information right at the entry point to the model, which means
that the later layers cannot effectively extract high level compressed information, as
this extraction has to occur in the first convolutional layer. In the case of SegFormer,
the first layer is found in the first “Overlap Patch Embeddings” block and it is a 2D
convolution with kernel size of (7,7), stride of 4 and padding of 3.

Furthermore, we have identified what we call a spatial bottleneck as other
limitation encountered in the typical modern machine learning architectures such as
the SegFormer, EfficientViT or any other architecture made from the same basic
Transformer design. These models reduce the spatial resolution of the input data by
the factor of 4, and use non-parametric bilinear interpolation to scale the predicted
output to the original resolution. In the design of Transformer based models, we
need what is referred to in [Li et al., 2024] as fine-grained object segmentation, while
maintaining fast model inference speeds. In contrast, the U-Net architecture reduces
the spatial dimension of the data only by the factor of 2, and then uses a learned

Upscaling layer at the end of the model to reconstruct the original resolution.
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Figure 5.7: Illustration of the Hyper SegFormer model for semantic segmentation
of methane plumes in Hyperspectral data. We highlight in blue the three proposed
modular adjustments: 1.) Spectral layers (denoted as “1x1 Conv”) in the Transformer
blocks, 2.) Upscaling layer in the decoder network (denoted as “Upscale layer”)
and finally 3.) adjusting the stride of the first Transformer block to 2 (denoted as
“Stride”). In red we show an example of the progressive decimation of the resolution
throughout the model (using all three adjustments).

5.5.4 Model adaptations

We propose three modular changes to any Transformer based architecture for semantic
segmentation to allow for better handling of data with high spectral dimension (such
as data from hyperspectral satellites) as illustrated in Figure . We note that
these changes are modular, and we test them in the SegFormer and the EfficientViT
architectures, but they could be added to other models as well.

Firstly, to aid with the spectral dimensionality of the data, we propose an addi-
tion of a special spectral layer into all Transformer blocks throughout the encoder
networks. We add a Convolutional layer with kernel size of (1,1), stride of 1 and
padding of 0, keeping the output of each layer with the same spectral dimension as
its input. This allows for learning operations that occur merely on the spectral data,
on its own these allude to pixel-by-pixel operations of classical methods. While in
theory the original convolutional layers with larger kernel sizes could learn similar
operations, by restricting the operation to just the 1x1 convolutions, we obtain much
sharper outputs. Effectively, this also allows the model to weight different input bands

with a mechanism similar to attention, thus selecting only the relevant information
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for the task of interest. While this is a simple addition to the model, we note that it
is quite effective, and it doesn’t significantly increase the computational requirements
of the model.

Secondly, we address the reduction of the spatial resolution of the data. We
implement a similar Upscaling layer to the one used in the U-Net architecture at the
end of the SegFormer model, just before its classification head. This block is composed
out of two repeated 2D convolutional layers with kernel size of (3,3), padding and
stride of 1, each followed by a ReLu activation layer and Batch normalisation layer.

As an additional solution for the recovery of the lost resolution, we also explore
the change to the hyperparameters of the original SegFormer and EfficientViT ar-
chitectures, namely changing the stride of the first convolutional layer from 4 to 2.
This change effectively increases the spatial size of the data propagated through the
network by the factor of 2. This doesn’t change the number of parameters of the re-
sulting model, but as the effect of this change influences the whole model, the impact
on the inference speed is larger than with the Upscaling layer.

These three proposed changes to the Transformer based architecture are modular
and can be evaluated in isolation or used all together - the resolution of the output
product will either be %, 4, or 1 times the resolution of the input. We name the result-
ing adapted architectures as the HyperSegFormer and HyperEfficientViT variants -

these are examples of the newly proposed Hyperspectral ViT architectures.

5.6 Experimental Setup

We separate our work into three types of experiments: a.) methane detection, b.)
mineral detection and c.) on-board deployment. In all cases we use hyperspectral
datasets mainly from the EMIT sensor, and we evaluate new adaptations of deep
machine learning models against classical baselines and classical machine learning
models. Our proposed models are task agnostic and as such we can estimate inference

times on low compute hardware for any potential trained task.

5.6.1 Tasks

Firstly, we approach the task of methane detection, where we compare the classical
baseline of matched filter and classical machine learning models that still rely on this
product against our new end-to-end machine learning architectures. We train our
models on the “OxHyperSyntheticCH4” hyperspectral dataset of synthetic methane

leaks events simulated into clean EMIT datacubes. In order to explore the usefulness
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of these models in the real world, we also evaluate their zero-shot generalisation ability
on the “OxHyperReal CH4” dataset of real methane leak events in the EMIT data.
We show how well can these pre-trained models be finetuned on a small training
dataset of real methane leak events and compare them with models trained from
scratch on this small dataset. In doing so, we demonstrate a scenario, where we only
have a few real events observed by a newly deployed sensor, yet we still want to use
it for detecting new events. Can pre-training on synthetic data help?

We also train the newly proposed end-to-end architectures on the benchmark
dataset previously created in Chapter 4| made from the AVIRIS-NG data. In all of
these experiments, we compare the newly adapted SegFormer and EfficientViT achi-
tectures against their vanilla versions and against the U-Net based HyperSTARCOP
“MF+RGB” model.

Secondly, we compare the proposed architectures on another task, the mineral
identification. For this, we use the created minerals dataset “OxHyperMinerals”
from EMIT data with generated multi-hot labels of three selected mineral classes.
These were produced by the Tetracorder system. We compare different adaptations
of the end-to-end architectures against their vanilla versions for both the SegFormer
and the EfficientViT architectures.

Thirdly, we evaluate the inference speeds of the proposed architectures against
the classical baselines on devices with limited compute power. We note that we can
use these models for both tested tasks (methane detection and mineral identification)
and any other potential tasks which we will get ground truth labels for. We describe
the target platforms in Section [5.6.3]

We use the F1 score, precision, recall and IoU (intersection over union) metrics for
the pixel predictions considering two classes (“plume” and “no plume” pixels) and also
the threshold independent AUPRC (area under the precision recall curve) score when
comparing the continuous model predictions with the binary labels. Additionally we
also report the false positive rate (FPR) of the converted classifications per whole
tiles. For minerals datasets we report the F1 score for each mineral class and also the

support weighted aggregated scores of F'1, precision and recall.

5.6.2 Hyperparameters

In all experiments, we try to keep standardised training parameters, however there
are some model specific deviations with experimentally found best working values.
In other cases, we use the default parameters reported in the relevant papers. We

train our models on the task of semantic segmentation, in methane detection with two
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exclusive classes (“plume” and “no plume”) and in mineral detection with a multi-hot
label (which allows no detection or potentially multiple active classes of “Goethite”,
“Hematite” and “Kaolinite”). In all cases, we use the multi-label binary cross-entropy
loss.

When training methane detection models on the “OxHyperSyntheticCH4” dataset,
we use the following settings for all models: training for 50 epochs, batch size of 16
tiles, each at 64 px size (with a 32 px overlap). Losses are not weighted; we only
use the WeightedRandomSampler from the PyTorch library to balance the positive
and negative sampled tiles (using the fraction of plume pixels as a guidance). When
fine-tuning the models on the “OxHyperRealCH4” dataset, we train the models for
further 5 and 10 epochs from the best reached checkpoint. When training models
from scratch on this smaller dataset, we keep the number of epochs to 30 and 50 (to
limit and explore the effects of overfitting). End-to-end models use 86 bands of the
EMIT data (RGB and bands between 1573-2478 nm).

To compare the newly proposed models with the HyperSTARCOP “RGB+MF”
model from Chapter [5] we also train them on the AVIRIS-NG STARCOP dataset.
Here we train the models for 15 epochs using a batch size of 16 (instead of the
original 32) and tile size of 128 px with an overlap of 64 px. Except for the batch size,
these hyperparameters are kept the same. We also weight the model loss by the MF
product, as was done with the original HyperSTARCOP models. End-to-end models
use 60 bands of AVIRIS-NG (namely bands between 2104-2400 nm).

When training models on the “OxHyperMinerals” dataset on the task of mineral
detection, we train all models for 20 epochs with tiles of 64 px with 32 px overlap.
In this case, trained models use all 285 bands of the available EMIT data (381-2492
nm). The data loader is not balancing the samples and losses are not weighted.

Finally, on all datasets we use model specific settings for learning rate and we
keep the same selected backbone. U-Net models use the MobileNet-v2 backbone in
the encoder and the Adam optimizer with learning rate of 0.001. SegFormer and
EfficientViT models use the AdamW optimizer with the learning rate of 0.00006.
SegFormer uses the B0 backbone architecture and EfficientViT the B1 backbone ar-
chitecture, both are trained from scratch. This difference is given from the different
number of parameters used in these backbones - the default SegFormer with B0 en-
coder has 3.845M parameters while the EfficientViT with the B1 encoder has 4.811M
parameters (in ablation study we also explore larger encoder variants).

The OxHyper datasets presented in this chapter have three data splits (train,

validation and test), which enables us to use the checkpoint with the best loss on
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the validation dataset for evaluation on the test dataset. When training models on
the STACOP dataset, we instead use the last checkpoint (this matches the approach
taken in the previous chapter and allows fair comparison).

In all our models, we use min-max normalisation independently calculated for
each band using the statistics of data from the training dataset. When calculating
these, we remove outlier values, keeping data between lower quantile of 5th percentile

and higher quantile of 95th percentile for calculating the min/max values.

5.6.3 Devices

We train the models on a high-performance computing (HPC) cluster usually with
the NVIDIA Tesla V100 GPUs, each with 16-32GB of GPU memory, and the Intel
Platinum 8628 (Cascade Lake) CPU with 2.90 GHz and 48 cores per node and RAM
of up to 384GB. The most important part of this is the GPU and the available GPU
memory as that governs the allowed batch size of training data (consider that each
tile is hyperspectral and contains many spectral bands).

After training the models on a HPC cluster, we measure the models inference
times and the needed data loading IO operations times on several limited compute
platforms. As a proxy of the computational environment available on satellites, we
use the flatbed machines provided by the UK aerospace company D-Orbit and by
Unibap. We have experience in using these from work described in Chapter [3] These
mimic the hardware available on satellites like the ION-SCV 004 we used to run
our previous machine learning models deployed in space. The flatbed machine has
a quad-core AMD GX-412HC SoC CPU at 1.2GHz and 2GB of RAM (from which
only about 1.34GB was left free with the system running). It is also equipped with
the Intel Movidius Myriad X VPU previously tested in Chapter [3} We used the
ONNX Runtime python library for model inference. The Myriad X processing unit
is estimated to consume only 1W when processing a 1 TFLOP of compute |Giuffrida
et al,2021]. Here we however note that we couldn’t fit some of the tested models on
the VPU. Where this was the case, we instead used the CPU of the device.

We have also selected two other devices typically used for Internet-of-Things (IoT)
applications, the CPU powered Raspberry Pi boards and the GPU equipped NVIDIA
Jetson AGX Xavier board. As the device with the lowest compute, we use the Rasp-
berry Pi 3B+ (released in 2018) with 4-core ARM Cortex-A53 SoC CPU at 1.2 GHz
and 1 GB or RAM. We also use the Raspberry Pi 4B (released in 2019) with ARM
Cortex-A72 SoC CPU at 1.5GHz (up to 1.8GHz) and up to 8GB of RAM. As has
been noted by NASA’s guidelines on using Raspberry Pi’s in space [Guertin, 2022],
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they are not suggested for deployment in any mission critical tasks due to their lower
robustness in extreme environments. They have been however used as a proxies for
devices with similar compute power in [Gretok & Georgel 2021]. The estimated power
consumption of Raspberry Pi devices is around 5W during a benchmark.

We then use the more powerful NVIDIA Jetson AGX Xavier board (released in
2018) equipped with an 8-core NVIDIA Carmel ARMv8.2 CPU at 2.265 GHz and a
GV10B GPU based on the Volta architecture with 16GB memory (shared between
CPU and GPU). While initial tests of the effects of radiation on NVIDIA’s Jetson
devices was explored in [Slater et al., 2020] and proposed for space applications in
[Lofqvist & Cano, 2020], these works also state that a careful examination and future
tests are still needed. As such, while we test our models on these other hardware
platforms, we reiterate that the most realistic point of comparison remains to be
the Unibap’s flatbed machine as it has been space tested. We note that on the
Jetson board we use the JetPack version of 5.1.3 and we experimented with both
ONNX Runtime python libraries and the Tensor RT inference engine (using the trtezec
command), as was also used in the work of [Cai et al.,[2023]. The Jetson AGX Xavier
power consumption estimate is up to 30W, and while this seems like a lot, recent
studies consider prototypes of 1U CubeSats with estimated 100W powered by solar
panels [Pedivellano et al., 2023].

5.7 Results

In this section we present the results of our proposed machine learning models adapted

for hyperspectral data compared with prior approaches and classical baselines.

5.7.1 Methane detection on EMIT

Firstly, we present the results of training our proposed models on the OxHyperSyn-
theticCH4 dataset of simulated methane leak events. Figure [5.8 shows prediction of
our performing model variants on a selection of scenes from the test dataset - here
we use the ConvUpStride adaptations of the SegFormer models. In Table [5.2] we
compare adaptations of the SegFormer and EfficientViT architectures against their
vanilla versions and against classical machine learning models proposed in previous
chapter. We also show the results of the classical baseline, the matched filter product
which we threshold. Training runs were repeated 5 times and average and standard

deviation values are shown.
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Figure 5.8: Qualitative results on the OxHyperSyntheticCH4 dataset of synthetic
methane leak events. Showing the computed matched filter in the first column and
comparing the performance of the matched filter baseline, our U-Net based model
from Chapter {4l and from [Ruzicka et al), [2023b] and finally our proposed Hyper
SegFormer model (“ConvUpStride” variant). MF refers to the maglc matched filter
product.
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Table 5.2: Quantitative results on the OxHyperSyntheticCH4 dataset. We show
the average of training 5 runs of our models. SF refers to SegFormer and EV to

EfficientViT. FPR is reported for tiles after converting to classifications. We compare
the results against the RGB+MF HyperSTARCOP model from Chapter .

AUPRC 1T F11 Prec. T Rec. T IoUT FPR|

MF thr. baseline N/A  37.65 31.69 46.37 23.19 89.0
HyperSTARCOP 68.10  58.08 4844  73.31  41.12 65.6
+4.7 5.3 +6.7 +2.8 52 £6.7
SE base 67.76  60.26 53.14  70.70 43.15 27.2
+26  +£1.7 +4.9 +£5.8 1.7 £3.1
SEF ConvUp 78.14  71.02 68.72  74.17  55.18 25.2
+3.0 £34 £74 +£3.2 4.2 +7.2
SF ConvUpStride 82.24 74.27 74.15 74.88 59.15 18.4
+2.7 +£2.9 +4.0 +6.0 +£3.7 +2.4
EV base 74.29  68.40 65.54 7275  52.39 25.0
+73  £6.9 +10.3 +6.0 7.8 +5.0
EV ConvUp 77.86  70.89 68.31  74.06 55.00 40.2
+3.4 +3.1 +5.8 +3.1 +3.7 +9.2
EV ConvUpStride 78.94  72.26 72.63  72.19 56.80 31.8

+5.3 +4.9 +6.3 +5.5 £6.0 +5.9

Tables and detail ablation studies of the proposed model adaptations. We
also show results of using larger encoder variants, but we note that these are likely
too large for on-board deployment.

Secondly, in Figure [5.9| we evaluate our adapted SegFormer and EfficientViT mod-
els on the OxHyperReal CH4 dataset of real methane leak events captured by the
EMIT sensor. Figure [5.10] shows the qualitative results on this dataset. Here, we
use the models pre-trained on the synthetic dataset (which uses data of the same
input/output shapes and uses the same data normalisation) and test their zero-shot
generalisation on the dataset of real events. Furthermore, we fine-tune these models
on the smaller dataset of real events. Finally, we also compare these results with
training models from scratch only on the dataset of real events. We note that this
experiment resembles a real-world scenario, where we train models on data from a
newly deployed sensor, which hasn’t yet seen enough of these rare events. We try
to answer the question of if pre-training on a synthetically created dataset helps the

final models detect events on a real but small dataset.
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Table 5.3: Ablation study of the HyperSegFormer architectures on the OxHyperSyn-
theticCH4 dataset.

1x1 S. Up Enc. #Par. Out. Score

C. 2 var. (M) res. | AUPRC 7 F11 Precision 1 Recall 1 IoU 1
3.85 Ya 67.76 +2.6 60.26 +1.7 53.14 +4.9 70.7 £5.8 43.15 £1.7
v 3.88 Ya 75.94 +4.2 69.29 +3.8 68.27 +6.0 70.74 +4.2 53.15 +4.6
v 3.85 Yo 71.94 +4.6 61.51 +2.7 52.4 +4.2 75.23 £5.6 44.47 +2.8
v BO 4.29 Yo 73.22 £2.0 67.3 £2.0 67.41 +6.5 68.21 £5.5 50.75 £2.2
v v 4.33 Yo 78.14 +3.0 71.02 £3.4 68.72 £7.4 74.17 £3.2 55.18 +4.2
/7 3.88 Yo 82.17 +2.6 72.56 +3.9 66.8 +6.3 79.83 +1.6 57.09 +4.7
7/ 4.29 1 71.62 £5.3 65.72 +6.1 63.5 £8.0 68.45 +4.1 49.23 +6.4
v v / 4.33 1 82.24 +2.7 74.27 £2.9 74.15 +£4.0 74.88 £6.0 59.15 £3.7
13.94 Ya 76.93 +1.9 69.36 +1.4 66.46 +3.3 72.72 +£2.8 53.11 +1.6
v v B1 14.51 Yo 77.00 +1.6 70.51 +1.2 68.14 +4.4 73.42 +3.6 54.47 +14
v v / 14.51 1 84.25 +3.2 76.98 +£3.3 75.94 £5.3 78.16 £1.7 62.67 +4.4

Table 5.4: Ablation study of the HyperEfficientViT architectures on the OxHyper-
SyntheticCH4 dataset.

1x1 S. Up Enc. #Par. Out. Score

C. 2 var. (M) res. | AUPRC 1 F11 Precision 1 Recall 1 IoU 1
481 Y 74.29 £7.3 68.4 £7.0  65.54 £10.3 72.75 +6.0  52.39 £7.8
v 484 Y 77.44 +1.8 71.05 +£1.5 70.99 +4.8 71.43 +2.1 55.12 +1.8
v 481 73.77 £2.9  67.54 £3.2  62.86 £5.7  73.39 £2.2  51.07 +£3.7
v Bl 4.83 Y 77.53 +2.5 70.26 +2.8 67.64 +5.5 73.53 +3.1 54.22 +3.3
v v 4.86 Yo 77.86 +3.4 70.89 +3.1 68.31 +5.8 74.06 +3.1 55.00 £3.7
/7 4.84 Y | 78.95 +2.6 71.86 +2.5 70.66 +6.2 73.55 +£1.7 56.14 +3.1
v /7 4.83 1 74.68 +5.2 67.63 £4.5 63.51 £7.9 73.00 +2.4 51.27 +5.2
v v / 4.86 1 78.94 +5.3 72.26 +£4.9 72.63 £6.3 72.19 £55 56.80 £6.0
15.34 1/4 75.4 £6.6 68.96 +£5.9 67.25 £11.2 72.14 £3.4 52.93 +6.6
v v B2 1543 1/2 | 82.6 +£2.8 75.24 +2.6 74.68 +6.1 76.21 +2.6 60.38 +3.4
v v / 15.43 1 82.25 +1.9 74.29 +2.2 74.34 +6.7 T4.77 +2.6 59.15 +2.8
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Figure 5.9: Quantitative results on the OxHyperRealCH4 dataset. We compare the
MF baseline against zero-shot generalisation, fine-tuning or training from scratch for
both proposed models. Results are averaged from 5 training runs, and the values on
top of individual bars are rounded for better clarity.
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Figure 5.10: Qualitative results on the OxHyperRealCH4 dataset of real methane
leak events. From left to right we show the predictions of the classical baselines,
models trained from scratch and models pre-trained on the synthetic dataset (using
the HyperEfficientViT model, ConvUp variant). We note that black parts are the
no-data areas created upon orthorectification. MF refers to the maglc matched filter
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Table 5.5: Quantitative results on the benchmark STARCOP dataset. We show
the average of training 5 runs of our models. SF refers to SegFormer and EV to
EfficientViT architecture. F1 score is reported also for subsets of strong and weak
plumes. FPR is reported for tiles after converting to classifications.

AUPRC T F11 (strong) T (weak)? Prec. T Rec. T IToUT FPR |

MF baseline N/A  40.14 67.50 39.95 30.57 5842 25.11 75.43
U-Net RGB+MF 51.99  50.26 81.96 43.42 3753 78.39 33.63 43.66
+2.8 +3.8 +3.7 +5.7 +5.8 +6.6 +3.4 +7.4

SF base 48.84 37.88 68.20 17.91 25.71 75.58  23.52 32.80
+3.3 +6.5 +3.2 +4.7 +6.3 +4.0 +5.0 +12.5

SE ConvUp 9791  53.17 71.53 39.37 4493  68.16 36.42  32.34
+5.6 +6.5 +4.0 +8.7 +10.8 +5.9 +6.0 +20.2

SF ConvUpStride 60.98 56.75 73.16 45.65 50.87 65.73 39.69 19.89
+4.5 +3.7 +1.9 +3.0 +7.7 +5.8 +3.5 +6.1

EV base 47.39  48.69 62.10 36.26 44.92  54.98 32.26 18.06
+5.0 +4.1 +6.0 +5.0 +7.3 +8.1 +3.6 +6.6

EV ConvUp 56.10  53.47 66.84 40.60 49.58 59.84 36.58 15.54
+5.3 +4.2 +6.1 +6.7 +6.6 +10.3 +3.9 +5.8

EV ConvUpStride 51.99 49.95 65.17 40.79 43.68 60.41 33.35 17.49
+4.1 +3.7 +2.5 +3.1 +7.6 +6.8 +3.2 +3.8

5.7.2 Methane detection on AVIRIS-NG

In Figure we evaluate our newly proposed end-to-end models on a benchmark
STARCOP dataset of real methane leak events created in the previous chapter. It
contains data from the aerial AVIRIS-NG sensor from the Four Corners area in USA.
Table [5.5 compares the results of the classical machine learning models based on the
U-Net architecture called HyperSTARCOP models with the newly proposed end-to-

end models.

5.7.3 Mineral identification

In Table [5.6], we show the results of training the proposed machine learning architec-
tures on the mineral dataset OxHyperMinerals. We show the individual F1 scores for
each of the three mineral classes alongside the aggregated scores (which are support
weighted by the number of pixels belonging to each class). In Figure we also
show examples of model predictions next to the pseudo-ground truth generated by
the Tetracorder system. Note the gradual increase of output resolution depending on

the used adaptations.
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Figure 5.11: Qualitative results comparing our new models on the benchmark STAR-
COP dataset showing the computed matched filter in the first column, the matched
filter baseline, U-Net based model from [Ruzicka et al., 2023b] and our proposed Hy-
per SegFormer model (“ConvUpStride” variant). MF refers to the maglc matched
filter product.

5.7.4 Inference times

Table shows the model inference times needed to process a full EMIT scene cap-
ture of 1280x1242 px. These measurements show the IO time needed to load the
hyperspectral datacube, time to calculate the MF product for methods depending
on it and finally the model inference time. These are shown separately and only for
the Unibap flatbed machine on Figure [5.13] We note that as the SegFormer models
crashed the Myriad X VPU, we used the CPU of the Unibap flatbed machine instead
(there the models ran without any crashes). We also don’t report the numbers for
the EfficientViT model, as we lost access to this deployment platform. It should

be taken into consideration, that the other devices haven’t been tested in the space
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Table 5.6: Quantitative results on the mineral dataset OxHyperMinerals. We show
the average of training 5 runs of our models. We report the F1, precision and recall
metrics for the aggregated scores (weighted by the number of pixels belonging to each
class) and the average F1 scores for individual classes (G = Goethite, H = Hematite,
K = Kaolinite). SF refers to SegFormer and EV to EfficientViT architecture.

F1 Precision Recall F1G. F1H. F1K.
SF base 81.77 £1.5 77.33 £3.6 86.92 +£1.8 | 79.31 80.88 &5.79
SF ConvUp 82.99 +0.9 80.55 £1.0 85.64 £2.3 | 79.36 81.47 89.15
SF ConvUpStride 84.70 0.7 83.42 £2.7 86.14 +2.0 | 81.19 83.59 90.35
EV base 77.08 +£0.7 79.37 +£3.7 75.28 £4.0 | 69.88 77.89 85.25
EV ConvUp 79.73 +£0.9 82.66 £2.3 77.11 £24 | 7459 79.74 86.55
EV ConvUpStride 79.18 +£1.2  84.03 £2.7 74.96 £2.2 | 73.57 77.93 87.24

Table 5.7: Timing of models on different devices. We estimate the time in seconds
for processing a full granule of EMIT data (76.8 km x 74.52 km area corresponding
to 1280x1242px, tiled into 100 tiles of 128x128px). 1O time to load the hyperspectral
tiles is kept separate in the last row. SF refers to SegFormer and EV to EfficientViT
architecture.

Unibap | Rasp3 Rasp4 Xavier | X. GPU X. GPU
CPU CPU  CPU CPU | (onnx) (trtexec)

HyperSTARCOP MF+RGB | 203.3 | 102525 286.57 377 | 37117  370.27

SF Base 153 | 3882 919 787 1.62 0.49
SF UpConv 30.1 | 10543 287  13.92 | 197 0.64
SF UpConvStride 119.5 | 399.76 107.87 48.38 | 2.95 1.37
EV Base N/A | 3996 945  9.39 2.36 0.37
EV ConvUp N/A | 4773 1381  9.99 2.00 0.55
EV ConvUpStride N/A | 91.07 21.26  18.09 | 2.10 0.5
10 load time |4 ] 3999 1288 613 | 6.13 6.13

environment. On NVIDIA Jetson AGX Xavier board we report results from running
the models with several different python libraries. Runtime on the GPU is measured
first using the ONNX format and the Onnxruntime library. We also report the times
when using the Tensor RT engine which compiles the models directly on-board of
the specific hardware of the device. Namely, this uses the “trtexec” tool with post
training optimization of mixed precision quantification (allowing float32 and float16),

which is similar to the steps reported in the codebase of [Cai et all 2023].
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Figure 5.12: Qualitative results comparing our new models on the mineral dataset
OxHyperMinerals showing our proposed Hyper SegFormer model variants (with out-
put resolution degradation in default 1x, “ConvUp” 4x, and “ConvUpStride” full 1x).
The three mineral classes “Goethite”, “Hematite” and “Kaolinite” are mapped onto
as the “Red”, “Blue” and “Green” channels for visualisation, model output is not
thresholded and matches the saturation. Best viewed in color and zoomed in.

5.8 Discussion

When considering results of all of the conducted experiments, we confirm that end-
to-end machine learning models are capable of outperforming all the other tested
variants - including classical baseline methods and classical machine learning models
depending on the products of these baselines. The basic versions of the end-to-
end architectures are however not enough, on several occasions the vanilla version of
these models doesn’t even reach the performance of the U-Net based HyperSTARCOP
models using “MF+RGB”.

Our proposed Hyperspectral ViT adaptations are needed - they address identified

limitations in the capability of processing spectral information of the data and by
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Figure 5.13: Detailed timings of different methods for processing a full granule of
EMIT data (1280x1242px tiled into 100 tiles of 128x128px) decomposed into approx-
imate 10 load time, pre-processing time and the model inference.

maintaining spatial resolution. Often multiple combined adaptations are required for
the best results.

5.8.1 Methane detection

On the task of methane detection, we report the new best performing models. In Table
5.2, on the newly created dataset of synthetic methane leak events in the EMIT data,
our proposed HyperSegFormer (ConvUpStride variant) gains over 43.85% in the IoU
score (and 27.88% in F1 and 20.7% in AUPRC) over the HyperSTARCOP MF+RGB
model. Our model also achieves over 155% in IoU score (and 96.9% in F1 score)
over the classical matched filter baseline. These improvements hold over all measured
metrics. We see increasing scores when implementing proposed adaptations in both
the SegFormer (from 60.26 F1 score to 74.27) and EfficientViT (from 68.40 F1 score
to 72.26) models. We note that in Tables and [5.4] we experienced even better
performance when using larger encoder networks, however these might not be best
suited for on-board deployment given their increased number of parameters.
Interestingly, when evaluating the models pre-trained on the dataset with syn-
thetic events on a new dataset of real methane leak events collected by EMIT, we
observe that the zero-shot generalisation performance is low (only two model variants
reach the MF baseline). On Figure we however see that with fine-tuning for 5-10
epochs, we are able significantly outperform both the classical baselines and all model
variants trained from scratch. Namely the HyperSegFormer (ConvUpStride variant)

improves the performance of the MF baseline by 12.9% in F1 score (and 17.1% in
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IoU) and the same version of the model trained from scratch by over 6.9% in F1 score
(and 8.8% in IoU). The HyperEfficientViT (ConvUp variant) outperforms the MF
baselines by more than 23% in F1 (31.5% in IoU) and the same model variant trained
from scratch by 19.2% in F1 (and 25.6% in IoU). We observe that while training
from scratch for longer helps, it doesn’t reach the performance of using the models
pre-trained on the synthetic dataset. Interestingly, the ConvUp variant slightly out-
performs the ConvUpStride variants on this dataset with the EfficientViT models.
Overall, we see, that on the task of detecting real methane leak events in EMIT data,
we benefit from pre-training our models on a dataset of synthetically created events
(especially in cases similar to ours, where the dataset of real events is relatively small).

When training our proposed models on the previously created benchmark dataset
of real methane leak events in AVIRIS-NG data, we see some interesting mixed out-
comes in Table[5.5] While the performance of our models drops on F1 score of strong
methane leak events in contrast to the HyperSTARCOP “MF+RGB” model, on the
metrics that aggregate all event sizes together, we see improvements. Namely, the
HyperSegFormer (ConvUpStride variant) outperforms the U-Net MF based model by
12.9% in F1 score and by 18% in IoU score. The threshold-less AUPRC metric is also
improved by over 17%. Similarly as in the case of the results presented in Table |5.2]
while the EfficientViT model outperforms SegFormer in the base variant (without our
adaptations for hyperspectral data) - the best results are still achieved by the fully
adapted SegFormer model. The high performance of previous STARCOP models on
strong methane leak events could be explained by the fact that the used matched
filter method, maglc, works better for large plumes (as it is iteratively increasing the
contrast of positive pixels - this could however lead to lowered performance in weaker
events).

We have encountered very large gains on the synthetic and real EMIT datasets,
however smaller ones on the benchmark dataset of AVIRIS-NG data. This may be due
to the smaller number of bands (and their corresponding spectral range) selected when
training on the AVIRIS-NG data (60 bands, a choice made to match the bands used by
mag]lc filter). It has since been demonstrated also in Roger et al. [2023], that having
access to more bands even outside of the typical methane visibility is beneficial. We
also note that better versions of the MF product could lead to stronger baselines also
in the EMIT data. For example |[Foote et al.,2021] explores scene specific adaptation
of MF products, and similarly there could be some EMIT specific improvements for

calculating MF.
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5.8.2 Mineral identification

When exploring the Table results of models trained on the dataset of minerals,
we note smaller but sustained gains in performance due to the proposed adaptations.
Namely the HyperSegFormer (ConvUpStride variant) improves the F1 score by over
3.5% in contrast to the vanilla model (and precision by 7.9%). The HyperEfficientViT
demonstrates weaker performance for both base and adapted versions, however the
used adaptations do improve this performance - the ConvUp variant scores 3.4%
improvement in the F1 score.

Perhaps better improvement can be seen on the qualitative comparison between
the models on Figure [5.12] where we show the effect of gradually improving output
resolution with the HyperSegFormer model. This is visible namely in the presence of
high frequency details in the predictions. The model variants using “Up” and “Stride”
adaptations (and their combination) show sharper predictions than the vanilla version
of the model (as that one is limited to the output size reduced by the factor of 4).

We note that our experiments with mineral identification are initial, as we had
to rely on pseudo-ground truth labels generated by Tetracorder. But given other

labelled datasets, our models are ready, and they can be re-trained.

5.8.3 On-board deployment

We have tested our model variants on a range of devices using different processing
units. We highlight, that from all the tested devices only the environment available
on the Unibap flatbeds has been tested in space, other are being proposed for space
only for non-critical applications.

First, when considering model inference times measured only on the Unibap
flatbed in Figure [5.13] we see that the matched filter computation is the slowest
step influencing both the classical baselines and the HyperSTARCOP models. Our
proposed end-to-end model variants avoid this step gaining vastly reduced inference
time. Namely the HyperSegFormer ConvUp variant reduces the required time by over
85%, while the ConvUpStride variant reduces the time by over 41% - both compared
against the HyperSTARCOP model and effectively also the classical MF baseline. We
note that the HyperSegFormer models couldn’t run on the Myriad X VPU, which is
why we used the device’s CPU instead.

One could also feasibly use non-iterative variants of the matched filter products,
which could lead to faster computation, however this wouldn’t match the detection

scores of our end-to-end models.
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When considering other devices in Table [5.7, the MF calculation remains to be
the bottleneck and the end-to-end models are faster. While using the CPU of the
Raspberry Pi 3B+ the runtime is slower than on the Unibap flatbed, Raspberry Pi
4B reaches similar performance. Finally, the most powerful CPU of the NVIDIA’s
Jetson AGX Xavier board shows the fastest runtimes of the tested CPU devices.

If we use our proposed HyperSegFormer ConvUp model on the Jetson AGX Xavier
GPU, we achieve over 47x times speed-up over the Unibap’s machine CPU (e.g. 0.64
instead of 30.1 seconds per capture) and 317x times speed-up over the HyperSTAR-
COP model (203.3 seconds per capture). Using the GPU of the Jetson AGX Xavier
board provides the fastest runtimes from all tested devices. We observed further
speedup when using the Tensor RT engine and compiling the neural network directly
on the device with allowed mixed precision - in the case of the HyperSegFormer
ConvUp, this is by over 70% in contrast to using the Onnxruntime library (without
compilation and without mixed precision mode).

When using the Tensor RT inference engine, we also experience faster inference
times when using the adapted EfficientViT architecture instead of the adapted Seg-
Former architecture - this is consistent with the fact the EfficientViT was designed
to be fast in [Cai et al|, 2023]. Namely for the ConvUpStride variants, the Hyper-
EfficientViT reduces the runtime by about 64% in contrast to the HyperSegFormer
models. Similar reduction can also be observed on the CPU of the Raspberry Pi
devices.

We consider these results as encouraging for showing the potential speedups that
can be obtained when using GPUs in space, or when using the very cheap consumer
hardware of Raspberry Pi’s with similar processing speeds as the dedicated chips.
We however reiterate, that the deployment of these devices in the harsh environment
of space has yet to be fully tested and if this processing pipeline becomes one of
the critical mission goals, robust and radiation protected hardware would likely be
needed.

For reference, the EMIT sensor collects up to 300 granules per day (and usually
much less), while the planned SBG mission will produce an estimate of about 10x
more. These granules have 1280x1242 px and can be tiled into 100 tiles of 128x128
which we used as reference when measuring model runtimes. With the estimated 300
granules and using the measurements from the Unibap machines, the maglc matched
filter baseline would run for almost 17 hours (with 203 seconds for each capture),
while the proposed ConvUp variant of our HyperSegFormer would take just 2.5 hours

(with 30 seconds for each capture). We highlight that with our model, one scene can
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be processed in around half a minute (6.7x times speedup against the baseline). This
time makes it more feasible to catch up with the estimated rate of data capture, we
also assume that data loading could be handled on another thread as the author of
this thesis explored previously in [Ruzicka & Franchetti, 2018]. Further reduction to
just estimated 3.2 minutes (with 0.64 seconds for each capture) could be achieved
when using the GPU on the Jetson Xavier board. This outlines the potential speed-
up future space missions could leverage if using high-power compute units (even if

these are turned on just for short periods of time).

5.9 Summary

In summary, we propose HyperspectralViTs, new general machine learning archi-
tectures adapted to work with hyperspectral (imaging spectroscopy) data with end-to-
end processing and three custom made architectural changes. We rigorously evaluate
these different versions of adaptations applied on two modern Transformer based ar-
chitectures. We demonstrate the generality of our approach by training the proposed
models on two distinct tasks and three newly created OxHyper datasets from the
hyperspectral sensor EMIT. We also confirm this on previously created benchmark
dataset with data from other hyperspectral sensors. We identify limitations in the
current landscape of semantic segmentation architectures and propose adaptations
that address informational bottlenecks created from high spectral dimensionality of
the data and the degradation of spatial resolution.

Our models have significantly improved the performance of methane leak detection
in high resolution data, addressing an important real-world problem. We demonstrate
this on a synthetic dataset of simulated events and confirm it on a newly collected
dataset of real methane leak events observed by the EMIT instrument. We show that
pre-training models on synthetic data can boost performance on small datasets of
real events.

Finally, our proposed models provide a path towards autonomy on-board of low
compute devices. We design model architectures with fast inference times and mea-
sure them on several target hardware configurations, including an environment which
serves as a proxy of a real-world satellite. Our models could be used for a fast on-
board detection of methane leak events. These could be followed with sending alerts
via priority channels, downlink prioritization of relevant data and also for automat-
ically triggering follow-up observations of other satellites. Time delay between the

event observation and actual detection could be reduced from days to just minutes.
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Figure 5.14: Illustration of the methane detection system deployed either on-board
of the satellite, or with an on-ground element and the potential gained speed-ups in
detections in contrast with the current traditional pipelines. Desired output of the
system (here shown as “Detections”) can be obtained in vastly reduces timeframes,
from current week(s) to just days or minutes depending on the implemented pathway.
We note that these pathways are not exclusive, on-board detection system can be
accompanied by the previously used traditional pipeline.

An illustration of the envisioned system is shown on Figure [5.14] Collecting more

evidence due to autonomously scheduled observations could maximize the amount of
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scientifically relevant data and could lead to much more accurate estimates of the
behaviour of methane emissions.

To promote research in the domain of machine learning models used for hyper-
spectral data, we open source all our codes, and publish all created datasets. We
also release all of the trained machine learning models, which we hope, could be used
in real-world methane detection pipelines. One such example could be for example
the United Nation’s Methane Alert and Response System (MARS) |Guanter et al.|
2023]. For practical deployment of our models, we also note that paradigms from
life-long learning of semantic segmentation models would be useful (e.g. having a
model which is compute efficiently updated weekly or monthly given newly detected
methane leaks) - as is also noted by the survey of |Li et al. [2024], this is an un-
derexplored research direction, previously tackled in other disciplines [Mitchell et al.,
2018].

We identify several shortcomings of the presented experiments. Firstly, the col-
lected dataset of real methane leak events could be extended with more manual labour
(adding plume annotations in scenes which were missed in the original initial la-
belling), and by downloading more recent data captures. We however note, that
having a small dataset was also useful to demonstrate how much can be gained from
pre-training on synthetic data. Our models can also be trained on any of the future
larger datasets. Secondly, the selected explored adaptations of machine learning ar-
chitectures are not exhaustive. We present several directions and evaluate them in an
ablation study, however more techniques could be implemented in the future. We note
that the so far proposed adaptations are modular and will likely be of use in combina-
tion with any future ones (such as for example the recently published method by |Liu
et all 2024] for semantic segmentation models). Thirdly, our created global dataset
for mineral identification uses only initial pseudo-ground truth labels generated using
the Tetracorder system and subsequential aggregation of few selected minerals. We
however note that our proposed architectures are general, and as such, given future
larger and potentially improved or manually validated datasets of mineral maps, they
could also be re-trained.

We divide the potential future research directions into three dimensions: a.) re-
search in the design of machine learning models, b.) application specific research for
improved methane detection and c.) systems-based research in on-board deployment
of the proposed models.

Firstly, there are more exciting directions to explore in the search for improved

architecture design for processing hyperspectral data. This data domain significantly
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differs from other examples in the discipline of Computer Vision, and techniques
such as 3D convolutions [Yu et al) 2020], sequential modelling |[Zhao et al., [2020]
or other could be explored. Other machine learning architectures should also be
explored, for example the modern members of the family of convolutional networks
such as ConvNeXt |Liu et al., 2022] or other models proposed directly by the Remote
Sensing community. We however highlight that this research needs to be evaluated
on large and ideally global datasets, we support this by publicly releasing all our used
data as new benchmark datasets.

Additionally, using the newly available hyperspectral data from the near-global
sensor EMIT, there are many potential tasks of interest (for example those relevant to
goals of the SBG mission [Cawse-Nicholson et al., 2021]) which could lead to creation
of new multi-task datasets and proposal of new multi-task models. Performance on a
single task of interest could be boosted by other similar tasks, as was demonstrated
in Computer Vision datasets [Kokkinos, [2017]. Pre-training of large unsupervised
machine learning models, or usage of so-called Foundation models |Lu et al., 2024;
Hong et al., 2024] should also be explored. Namely the archive of EMIT data alone
contains more than 131k raw data captures (in February 2025) at high resolutions
with large number of spectral bands. Large pre-trained models could help with many
downstream tasks.

Secondly, future directions can be explored in application specific research for
improving methane detection and all associated tasks surrounding it. A much larger
dataset of real methane plumes could be collected from the EMIT data, extended, and
annotated with other labels of interests (such as for example plume quantifications,
source point localisations and others). These could be added as auxiliary tasks learned
by the models. Models allowing for uncertainty quantification of their predictions
would be highly usable in real-world scenarios as they would provide better insight
behind the decision these models are making. Methods such as model ensembles, or
Monte Carlo Dropout could easily be added to the proposed semantic segmentation
models, as previously explored in [Ruzicka et al), 2020]. Sensor agnostic detection
of methane leak events across different imaging spectroscopy instruments would also
enable easier tracking of events worldwide and creation of more complex datasets.

Thirdly, real-world deployment of the proposed models on the current generation
of hyperspectral satellites could enable increased autonomy and intelligent decision-
making on-board. Delay between observation and action could be dramatically re-

duced, also reducing the amount of leaked methane gas. Similar general machine
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learning architectures could be trained on other tasks of interest available for detec-
tion in hyperspectral data and could also be deployed. This could greatly increase
the on-board capabilities of future hyperspectral satellites and deployed imaging spec-
troscopy instruments. The measured inference speeds reported in our work could be
used to inform the performance on different target hardware configurations of future
missions. Further significant speed-ups could be reached by follow-up deployment of
our models on bespoke hardware and FPGA boards (as we encountered with works

of previous chapters).
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Conclusions

In the conclusion of this thesis we summarize all conducted research and connect it
to the research questions outlined in Section [I.3] First, in Section [6.1 we explore
achievements and highlight encountered limitations for each research question. Sec-
ond, in Section [6.2] we use the lessons learned to outline some potential future work

directions.

6.1 Discussion

In total, we presented three projects in this thesis connected to the topic of Ma-
chine Learning enabled intelligence on-board of communication constrained devices,
in particular satellites. We started with general task of universal change detection in
Chapter |3| There we deploy the proposed model on-board of a real satellite, gaining
valuable insights into what is possible with current generation of accelerators used
in space environments. We followed with a very specific application of methane leak
detection in Chapter [4) where we explored data from different remote sensing sensors
and evaluated their suitability for this task. Importantly, we have identified limita-
tions of the current methods and use these to inform our work in the last chapter.
Finally, in Chapter [5] we return to a general system which can be trained for a variety
of downstream tasks, from which we explore two. During our work we create several
new benchmark datasets needed for evaluation of our newly proposed models. We
leverage the knowledge about low compute systems and design our models specifically

to be compatible for on-board deployment.
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6.1.1 Change detection on-board (Q1)

For unsupervised change detection on-board of satellites, we used the variational au-
toencoder (VAE) architecture, which proved to work well on a wide range of disaster
events. Furthermore, the obtained feature encoding network allows retrieval of la-
tent vectors which are useful for robust latent space comparisons relevant for change
detection, but also several other tasks. Firstly, using the compressed features, we
lower the storage requirements of the proposed system. Secondly, latent vectors can
be used for communication between satellites in a constellation. In fact, a more
advanced versions of autoencoder models are being proposed for data compression
on-board in [Gomez & Meoni| 2024]. Thirdly, the lower dimensional representation
allows us to train tiny classification models directly on-board of the satellites using
just few labelled samples — this enables potential on-board adaptation and creation of
whitelists and blacklists for further filtering of detected changes. We also observe that
the models are by default serving as denoising autoencoders, and as such the latent
encoding is also more robust to potential noise arising from low processing levels of
data available on-board.

Potential limitation of the proposed system is the reliance on multi-temporal data
available on-board. Even though on-board storage is relatively cheap, data synchro-
nisation and sample to sample co-registration could prove to be costly. Furthermore,
in scenarios where the detected event is clearly visible, a single image system might
be more suitable, such as for example with floods in [Mateo-Garcia et al 2023] and
fire events with LO data in |[Meoni et al., [2023].

Lessons learned when addressing this research question are mainly coming from
the fact that the proposed system was tested on-board of a real satellite. This gives
us insights into the capabilities of hardware which is compatible with the harsh space
environment, and which has been used in a number of similar satellite missions. We

directly use some of these to inform our work on following research questions.

6.1.2 Methane detection in hyperspectral data (Q2)

We chose methane detection as an example of detection task which requires very
accurate and specific sensors. The existing methods exhibit large amount of false
positive and noisy detections and need manual intervention of domain experts. The
proposed machine learning models improve the classical methods and allow for au-

tomated detections of methane leaks. To this end, we created a new benchmark
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dataset with refined labels and several different supported sensor modalities, allowing
a comparison between methods using multispectral and hyperspectral data.

We however observed that the performance of the proposed models has space for
improvements, namely in contrast with classical computer vision tasks, where mas-
sive and highly qualitative benchmark datasets existed for years. We hope that future
research works can leverage our data to improve on this task. We have discovered
several bottlenecks which could be the cause of the lower performance. Firstly, we
observed that to compute classically used methane enhancement products, particu-
larly when using their improved versions which are more robust to in-scene noise, we
require prohibitively long inference times. This prevents easy on-board deployment of
methods depending on these classical products but is also relevant for future missions
and the expected deluge of data. Secondly, we note that models solely relying on
these classical products are limited by their quality, and while they can reduce po-
tential false positive detections, they cannot extract new information from the source
data. We use the insights learned about these two bottlenecks in our next research

question.

6.1.3 Universal detectors (Q3)

We chose the data from imaging spectrometers, or hyperspectral instruments, as
a suitable target for universal detection models. The wide VSWIR spectral range
supports many downstream tasks and as such is also selected by several recent and
upcoming missions. Using the lessons learned in the previous chapters, we propose
HyperspectralViT architectures, modern machine learning models adapted for
end-to-end learning with hyperspectral data. We evaluate these on three newly cre-
ated OxHyper datasets, in detailed ablation studies on two different example tasks,
methane detection and mineral identification. Excitingly, we discover that we are
able to boost performance on real-world events when using models pre-trained on
synthetic data. This is relevant for improving generalisability across diverse samples
(with potentially poor sampling in some regions) and for any new sensors.

Finally, we explore the on-board deployment of the proposed models, showing
large improvements over classical methods, but also the influence of the chosen base
machine learning architecture. We deploy these models on low compute hardware
previously tested in space environments, but also on a selection of commercial off-
the-shelf (COTS) devices. These exhibit further potential speedups and have started

to be explored for space missions in for example [Swope et al. 2022].
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We encounter limitations arising from smaller sizes of the used datasets. However,
we have built these ourselves from the recently made public large archive of data from
the hyperspectral sensor EMIT. These form the first truly diverse benchmark datasets,
and we expect that their extension is possible and would further aid the performance
of our proposed models. Annotations for new types of tasks would further extend
the generality of these universal detector systems. During our work we also identify
needs for potential other outputs relevant for the tasks of methane detection. These
could be implemented as simple extensions of the current systems (e.g. methods for

model uncertainty estimation and the task of quantification).

6.2 Future Work

Following the encountered limitations, here we propose several directions that could
improve our methods and enable new capabilities.

Research conducted in Chapter [3| could be followed with more advanced models
or different unsupervised learning approaches. Modern variants of the autoencoder
architecture such as the VQ-VAE [Van Den Oord et all [2017] could lead to highly
improved reconstruction quality. Models such as the MAE [He et al., 2022] based
on Transformer encoder, or specialised architectures proposed for processing Remote
Sensing data such as [Reed et al. [2023} (Cong et al., |2022] could also improve the
quality of the latent vector embeddings, perhaps at a cost of increased computational
requirements. Same small models, as those tested on-board of the satellite in our
work, could also be trained using contrastive learning paradigms. We conducted
some initial study for this in [Zhang et al) [2022] and the work of [Herec, [2024]
proposes a hybrid version between autoencoders and contrastive learning using our
RaVAEn model architecture. The work of [Zhou et al., 2024] also implements our
model on FPGA boards, which may be more suitable for space environment with
faster inference speeds and reduced power consumption. As was shown with our
work on training machine learning models on-board satellites |Ruzicka et al) 2023a,
unsupervised models like RaVAEn could serve as general feature extractor systems
used for other downstream tasks now enabled on-board.

Our research conducted on the task of automated methane leak detection from
Chapters {4] and [5| creates some of the first large and diverse dataset benchmarks
with near-global coverage. We expect these datasets to promote research in machine
learning models used for this domain, and to be expanded with more annotated

samples in the future. The sensors used to make these datasets are still operational
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Figure 6.1: Visualisation of the uncertainty estimation method used with an ensemble
of trained models. We compare the predictions of the 5 HyperEfficientViT models
(which started with different initial weights) finetuned on the dataset of real methane
leak events and we show the output of the Ensemble Variance method (e.g. used in
[Beluch et al., 2018; Ruzicka et al., 2020]). First, the average of ensemble predictions
can provide more robust detection [[zmailov et all 2018, majority vote could also
be used to improve the score over samples (here shown with the F1 score over the
predictions). We note that instead of average for example the mode operation could
also be used. Second, variance of the predictions can also be used as a measure of
uncertainty and agreement over the predicted scene. For example, on this scene we
see highlighted region corresponding to area with the lake. None of the models in
the ensemble predicted plume pixels there, but some amount of disagreement can be
observed in the computed variance.

and provide up to 300 new observations each day. New sensors, such as SBG, are
estimated to increase this data capture rate up to ten-fold. Our research from Chapter
confirms that simulated data can be used to boost the detection performance on
real events. This would be highly relevant for maintaining generalisability of trained
machine learning models in regions with otherwise low amount of real event samples,
and for preparing pre-trained machine learning models for newly deployed sensors.
Furthermore, as illustrated by the Figure |2.6] in the introductory sections and by
related background literature from Section 2.4], additional types of tasks relevant for
the practical deployment of methane detection pipelines should be considered. Better
semantic segmentation provided by our models can be used to aid follow-up tasks
such as detected plume leak quantification, or an automated attribution to a known
facility. Simple adaptations of the already trained machine learning models could

also enable model uncertainty estimation, as previously illustrated with semantic

segmentation models by the author of this thesis in |Ruzicka et al) 2020] and on

Figure Our proposed machine learning model adaptations are modular and can
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Figure 6.2: Proposal of pre-training Foundation models on general tasks such as
fine-grained mineral identification and later using them for other specific task. The
model could reuse frozen weights of in the encoder and train only the decoder network
specifically tuned for target tasks. Alternatively, multi-task training regime could also
be leveraged with several targeted downstream tasks.

be added to new architectures alongside other future adaptations. For on-the-ground
detection pipelines larger models trained on future large datasets could also reach
new state-of-the-art results.

Large archives of data from recent and upcoming hyperspectral sensors provides
exciting opportunities for research in Foundation models extending our work from
Chapter 5| on Universal detection models. Illustration on Figure [6.2] shows an ex-
ample of pre-training models on general task of fine-grained detection of individual
chemical signatures (generated for example as pseudo ground-truths using methods
like Tetracorder [Clark et al., [2003] as we show in Chapter [5)). These would be later
leveraged on other downstream tasks of interest (e.g. methane detection). The major
current bottleneck is the lack of large, annotated datasets. As of now (February 2025),
the EMIT data portal contains over 131k samples (estimated as around 263 TB of
data) alongside with initial mineral class labels. These Universal detection models
could be later adapted for multiple tasks (tapping into methodology from multi-task
learning) or on data from multiple sensors allowing sensor agnosticity. Similarly as
data harmonisation, this could effectively reduce the revisit time by processing data
across future hyperspectral sensors such as SBG and CHIME, and potentially future
aerial missions such as AVIRIS-3 and AVIRIS-4.

Our proposed models are prepared for on-board deployment on real hyperspectral
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imaging missions and tested on typically used space compliant hardware. Future
autonomous imaging spectroscopy missions could be enabled for Earth Observation,
but also for deep space missions such as Europa Clipper, or missions to the Moon,
Mars, or other planets. Further reductions of inference times can be obtained with
additional methods for machine learning model compression, and by deployment on
specialised boards or FPGAs.

6.2.1 Deploying machine learning models

Finally, real-world deployment of our models into existing pipelines could aid au-
tomation and help reduce the latency between observations and plume leak detections
(anecdotally, the fastest reported detection with EMIT took 5 days between the data
capture on 5.4.2024 and the identification by the NASA’s EMIT team on 9.4.2024,
this might however be an optimistic scenario). Both on-the-ground and on-board au-
tomation could dramatically speed this process up. As was shown in prior cases with
detected plume leaks, operators and governments can be contacted through estab-
lished channels [Guanter et al., [2023], and the broken part of the infrastructure can
be fixed. Every saved day would reduce the quantity of greenhouse gasses emitted
into the atmosphere, a task highly relevant for Climate Change goals limiting Global
Warming [Lee et al 2023].

Figure[6.3|shows example deployment of our models from Chapter [dinside pipelines
and applications developed and used in the United Nations Methane Alert and Re-
sponse System (MARS) unit |Guanter et al., [2023]. Top image shows the user inter-
face of the PlumeViewer application with a full tile prediction. Bottom image details
the predictions inside this image. Red rectangles denote monitoring locations, red
and orange dots information about the infrastructure. Note that this screenshot is
from the development branch of the project and that the shown results are only in
work-in-progress state.

As it currently stands, the typical processing chain used in this group starts
with ingesting images from multispectral and hyperspectral satellites into the Plume
Viewer system. For hyperspectral data, there wasn’t any machine learning model
in place yet, a method based on thresholding of matched filter products was used.
Various methane enhancement products (including the wide matched filter of Roger
et al.|[2023] and maglc product of Foote et al.| [2020]) are computed and saved as a
visualisable layer. For multispectral data (namely Sentinel-2 and Landsat data), the
model proposed by [Vaughan et al.|[2024a] is used on a list of manually created moni-

toring locations. After the initial processing, manual inspection by a team of domain
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Figure 6.3: Deployment of the STARCOP models inside applications used by United
Nations. We are showing the prediction of our work-in-progress models on the recent
EMIT file “EMIT_L1B_RAD _001_20250220T090527_2505106_030.nc¢”. The shown
methane enhancement product is the wide matched filter. The vectors outlining
potential predicted plumes are computed from the predictions of our models (vec-
torised semantic segmentation masks).
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experts is conducted. They have at their disposal alerts generated by automated
methods and can also visually inspect all pre-computed methane enhancement prod-
ucts alongside a high resolution base map and information about the wind sourced
from reanalysis products.

Finally, the validated plume detections are communicated through official notifi-
cations to the relevant actors (operators or governments) in the area and eventually
(after a period of 30 calendar days after detection) reported in the public portal
at https://methanedata.unep.org/. There, data can be accessed alongside with
a document explaining the metadata and definitions used to classify these methane
plumes. The portal reports plumes in data from a variety of sensors - multispectral
(Sentinel-2, Landsat) and hyperspectral (EMIT, PRISMA, EnMAP) and also the
geostationary GOES and low-spatial resolution TROPOMI satellites.

With the deployment of models proposed in Chapters [4 in real-world pipelines,
we have experienced a large amount of false positive detection (such as the ones
shown on Figure , still less than when using threshold baselines however). This
is encountered more in cases, where we want to produce model predictions over the
full granules of satellite data - in contrast to using these only in previously selected
monitoring locations (these cover small and usually fixed area around locations with
previously detected methane leaks). Models using the entire spectrum of satellite
data, such as those proposed in Chapter [5|might bring reduction of these false positive
detections. Additionaly, recent pre-print of Xiang et al.| [2024] explores methods to
reduce the false positive detections given the knowledge of already predicted plumes
- methods like these could be used in addition to existing models as a post-processing

step.
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