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ABSTRACT

Nowadays, the use of Machine Learning (ML) onboard Earth Observation (EO) satellites
has been investigated for a plethora of applications relying on multispectral and
hyperspectral imaging. Traditionally, these studies have heavily relied on high-end data
products, subjected to extensive pre-processing chains natively designed to be executed on
the ground. However, replicating such algorithms onboard EO satellites poses significant
challenges due to their computational intensity and need for additional metadata, which
are typically unavailable on board. Because of that, current missions exploring onboard
ML models implement simplified but still complex processing chains that imitate their
on-ground counterparts. Despite these advancements, the potential of ML models to
process raw satellite data directly remains largely unexplored. To fill this gap, this paper
investigates the feasibility of applying ML models directly to Sentinel-2 raw data to
perform thermal hotspot classification. This approach significantly limits the processing
steps to simple and lightweight algorithms to achieve real-time processing of data with
low power consumption. To this aim, we present an end-to-end (E2E) pipeline to create
a binary classification map of Sentinel-2 raw granules, where each point suggests the
absence/presence of a thermal anomaly in a square area of 2.5 km. To this aim, lightweight
coarse spatial registration is applied to register three different bands, and an EfficientNet-
lite0 model is used to perform the classification of the various bands. The trained models
achieve an average Matthew’s correlation coefficient (MCC) score of 0.854 (on 5 seeds) and
a maximum MCC of 0.90 on a geographically tripartite dataset of cropped images from
the THRawS dataset. The proposed E2E pipeline is capable of processing a Sentinel-2
granule in 1.8 s and within 6.4 W peak power on a combination of Raspberry PI 4 and

CogniSat-XE2 board, demonstrating real-time performance.
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1 Introduction processing mission payload data directly onboard Earth
Observation (EO) satellites, initiated by Refs. [1, 2].
In the last years, an increasing number of studies have  Some of the benefits coming from the implementation of

explored the use of Machine Learning (ML) models for ~ onboard Artificial Intelligence (AI) include but are not

X gabriele.meoni@esa.int

REZS LX) Springer

Tsinghua University Press



2 G. Meoni, R. D. Prete, L. Ancos-Villa, et al.
Nomenclature
Al Artificial Intelligence Lic Level-1C
CNN Convolutional Neural Network MCC Matthew Correlation Coefficient
CPU Central Processing Unit ML Machine Learning
CSC Coarse Spatial Coregistration NCS Neural Compute Stick
Cv Cross-Validation SHAVE Streaming Hybrid Architecture Vector Engine
EO Earth Observation THRawS Thermal Hotspots in Raw Sentinel-2 images
FLOAT16 16-bit Floating Point VPU Vision Processing Unit
Lo Level-0

limited to: (a) a reduction of downlink data by discarding
the images with limited information content [3, 4],
(b) decision-making ability against natural-disasters
requiring a near real-time response [5-8], (c¢) fast retrieval
of actionable information, such as changes or targets in
local areas [9], (d) implementation of data correction steps
such as atmospheric correction [10], and (e) onboard data
compression [11, 12].

The ®-Sat-1 mission [3] marked a pioneering venture as
the inaugural spacecraft to incorporate an Al processor
on board, specifically the Intel® Movidius™ Myriad™
2 Vision Processing Unit (VPU). This groundbreaking
step led to the genesis of numerous similar missions,
with a series of subsequent satellite launches [5, 13, 14].
However, a common prerequisite for all these missions
has been the necessity for implementing pre-processing
schemes. This requirement is underscored in various
studies [5, 8, 9, 15] with the pre-processing methods
typically replicating the workflows used on the ground,
e.g., geometric and radiometric corrections to the raw
satellite data. When applied on board satellites, these
solutions often require additional hardware, such as
Field Programmable Gate Arrays or Graphics Processing
Units, leading to significant payload complexity. It is
worth noting that, in the case of Sentinel-2 images,
Level-1C (L1C) products or beyond are typically used
[5, 8, 9, 11, 12]. However, the quality of L1C images
is generally beyond the one achievable on board EO
satellites, especially in the case of smallsats, because
of the computational complexity of some processing
steps and the need for specific information not directly
available on board (e.g., Sun intensity, incident angles,
path radiance, and others).

In order to facilitate the research on lightweight pre-
processing chains, in our previous work [7], we proposed a
methodology to design datasets for the detection of events
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of interest on Sentinel-2 “raw” data, i.e., decompressed
Level-0 (LO) with additional metadata. As a result, we
designed Thermal Hotspots in Raw Sentinel-2 images
(THRawS), a Sentinel-2 raw data dataset for detecting
thermal hotspots.

In this work, we capitalised on the previous findings
to investigate the suitability of Deep Neural Networks
to create a thermal hotspot classification map directly
on raw Sentinel-2 granules by limiting the pre-processing
only to the proposed Coarse Spatial Coregistration (CSC)
technique. The rationale is to enable real-time End-to-
End (E2E) processing, i.e., a processing time lower than
the image acquisition time, while significantly limiting
the payload energy consumption. This is a fundamental
aspect of thermal hotspot classification and other natural
disaster applications, for which the delays in detection
and notification are key parameters to be minimized.
Notably, Sentinel-2 raw data were used to demonstrate
this concept because additional optical raw data were
scarce. However, in principle, the proposed concept can
be extended to other raw pushbroom multispectral data
imagery.

The novel contributions of the paper in the field of
Al-enhanced onboard processing can be summarized as
follows:

(1) We develop a classification dataset for thermal
hotspots in raw Sentinel-2 imagery. To the authors’
knowledge, this is the first dataset of its kind.

(2) By relying on different training strategies, we
successfully trained an EfficientNet-lite0 model on
Sentinel-2 raw data for thermal hotspot classification,
demonstrating the effectiveness of the proposed patch-
based detection approach.

(3) We propose an E2E conceptual processing pipeline®

® The code implementing the E2E pipeline is available at the
following GitHub repository: https://github.com/GabrieleMeoni
/END2END.git


https://github.com/GabrieleMeoni/END2END.git
https://github.com/GabrieleMeoni/END2END.git
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that extracts a thermal anomaly classification map from
a Sentinel-2 granule through the EfficientNet-lite0 model
and lightweight processing.

(4) We implement a breadboard of the E2E
pipeline by leveraging different hardware, including the
CogniSat-XE2 board, a space-targeted device with flight
heritage [16]. We comprehensively measure the pipeline’s
latency and power consumption, demonstrating real-time
performance within 6.4 W peak-power consumption.

The remainder of the paper is organized as follows:
Section 2 details the proposed E2E onboard processing
chain. Section 3 describes the procedure for training
the Convolutional Neural Network (CNN)-based thermal
anomaly classifier. Section 4 discusses the breadboard
implementation of the proposed E2E chain on multiple
edge computing hardware chains and the test-bed to
perform timing and power characterization. Section 5
presents our results. Section 6 discusses the results
achieved, advantages, limitations, and implications of the
proposed method. Finally, Section 7 gives our conclusions.

2 E2E processing pipeline

As suggested by the name “end-to-end”, the proposed
concept is a payload data processing chain that leverages
a CNN model to create a thermal hotspot event binary
classification map (event/non-event) of multispectral
pushbroom data acquisitions directly with minimal pre-
processing steps. The idea behind this approach is
minimising the pre-processing steps applied on board
a satellite by training CNN models on minimally
processed raw data. This way, it is possible to speed
up the processing and reduce the energy consumption

The proposed E2E processing chain is depicted in Fig.
1 and comprises three main components: a CSC module,
a raster-tiling engine, and a sequential patch inference
module.

In the upcoming subsections, each module will be
examined in detail to elucidate the rationale behind its
incorporation into the processing pipeline.

In this study, the E2E concept is demonstrated on
Sentinel-2 raw data. Specifically, the E2E pipeline takes
as input Sentinel-2 raw “granules”, i.e., the data portion
of 23 km x 25 km obtained by a single sensing detector in
3.6 s [17]. From each granule, we select bands Bga, Bi1,
and Bjs as the standard utilised by numerous previous
works to detect thermal anomalies [7, 18-23].

2.1 Coarse coregistration module

Given the pushbroom nature of Sentinel-2 or other
pushbroom detectors, spectral bands are not natively
overlapped, namely spatially registered. Non-coregistered
bands can lead to inaccuracies in techniques that rely
on pixel-wise information from multiple spectral bands.
Therefore, in the context of thermal hotspot detection,
it is essential to coregister these bands accurately for
precise and reliable interpretation of the data.
Generally speaking, the process of coregistration
can be divided into two distinct stages: a coarse
coregistration, aiming for an accuracy of approximately
1 pixel, and a fine coregistration applied to determine
any residual transformation that might be needed. The
first stage sets the foundational alignment of the bands.
In contrast, the second one involves formulating and
applying transformation equations, representing the

significantly. most intensive computational part of the registration
Onboard processor (CPU) Myriad X (VPU)
Raw satellite Coarse Patch Al
imagery coregistration engine engine
- N [ N [ N
o . o3
\_Raw bands  Raw aligned bands/ \ Raster tiling L Sequential patch inference J

Fig. 1 Developed E2E pipeline for onboard thermal hotspot heatmap classification of Sentinel-2’s raw data.
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process. In our study, we concentrate only on the first
kind of coregistration, prioritizing achieving a general
approximate level of alignment. This approach is based on
the generalizability of Deep Learning in addressing small
misalignment errors [24]. For these reasons, we adopt the
CSC technique proposed in our previous work [7] that
consists of applying a set of precalculated along-track and

across-track shifts Sp,, ps, and Sp,, s, to respectively
align the Bj; and By bands to the reference band
Bsa. Such shifts Sp,_p, were calculated by measuring
the average along-track and across-track displacements
between the bands B, and B, of raw granules of the
THRawS dataset. In each granule, such displacements
were measured as the average distance in pixels of the
keypoints extracted and matched through the SuperGlue
neural network [25].

2.2 Raster tiling engine

After selecting only the Bga, B11, B12 bands, a Sentinel-
2 granule, which is 1152 x 1296 wide, is tiled into
256 px x 256 px patches. This is needed to match
onboard hardware’s memory requirements and distinguish
between local features [3, 26, 27]. Notably, the raster
tiling operation is performed with no overlap between
consecutive patches.

2.3 Sequential patch inference module

The sequential patch inference module operates by
taking the tiles created by the patch engine module
as input. Each tile is singularly classified by the CNN
into thermal-hotspot event/non-event. The outputs for
different patches are sequentially collected in a binary
classification map, a matrix whose elements contain the
assigned labels for each analysed patch. This targeted
approach is particularly advantageous for maintaining
significant dimensions of each tile. It is worth noting
that the ability to preserve tile dimensions ensures that
these small yet critical events are not overlooked or
inadequately processed, thereby improving the overall
accuracy and robustness of the model. This enhancement
is especially convenient when dealing with small-scale
fires.

The adopted CNN model is an EfficientNet-lite0,
which represents an optimized version of the original
EfficientNet model [28] for implementations on embedded
systems. The choice of the CNN model was driven
by the need to reach high classification performance
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while keeping the number of floating point operations
and model size limited because of the need to
reach a real-time implementation. The efficacy of
EfficientNet models for classification purposes on
Sentinel-2 images was already demonstrated in our
previous work MSMatch [29] work. The latter also
shows a comparison in performances of the different
EfficientNet models (i.e., EfficientNet-BO-EfficientNet-
B7), demonstrating how the use of more computationally
expensive models compared to EfficientNet-B0 leads
to a slight increase in classification accuracy at the
expenses of a significantly higher number of operations.
Because of that, we selected the correspondent lite version
of EfficientNet-B0, i.e., EfficientNet-lite0, to minimize
the number of floating-point operations. Notably, the
effectiveness of EfficientNet-liteO models for onboard
satellite classification was already demonstrated in the
scope of “The OPS-SAT case” challenge in-orbit test
campaign [27].

3 Dataset creation and model training
3.1 Dataset creation

In order to train our classification model, we needed
a dataset specifically designed for thermal hotspot
classification. Mainly for this reason, we modified the
data from THRawS [7] to suit the requirements of patch
classification. THRawS is made of Sentinel-2 raw granules
containing volcanic eruptions and wildfires. In each raw
granule, thermal hotspots are marked through a bounding
box that allows for their localisation inside the granule.

To create our patch classification dataset, we first
selected the bands Bga, B11, and Bjs of each raw granule
as proposed for the THRawS dataset. Subsequently, to
train a model with the same input as for the E2E pipeline,
we applied the CSC technique and tiled the registered
bands into 256 px x 256 px patches. This tiling was
performed with a deliberate overlap of 10%, ensuring
that contiguous areas are not missed and allowing for
a more comprehensive analysis of the granules. Upon
completion, the dataset was substantial, comprising over
5000 samples, resulting in a wide-ranging and extensive
collection of data.

Concerning data labelling, we implemented a
categorization system for the analyzed patches based
on thermal hotspots, whose bounding boxes are provided
in THRawS, on the cropped patches. Specifically, we
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designated any patch encompassing a minimum of 9
pixels exhibiting these hotspots as an “event” class.
The threshold was set empirically to identify areas with
significant thermal irregularities. Conversely, patches
that did not meet this criterion, lacking the specified
extent of thermal hotspots, were systematically marked as
“non-events”. This distinction allowed us to differentiate
between areas of potential interest and those with normal
thermal patterns, facilitating a more focused analysis of
thermal irregularities in our data. After tiling, patches
were visually inspected to avoid errors in the labeling
procedure.

As compiled in this manner, the dataset demonstrates
a significant imbalance in its composition, reflecting a
notable disproportion in the representation of its classes.
Out of the total number of patches analyzed, 4636 were
categorized as “non-events”, overshadowing the mere
394 patches identified as “events”. This latter group
constitutes only 7.83% of the entire dataset. Such a
disparity in distribution between event and non-event
patches highlights a significant imbalance, indicating a
predominant prevalence of non-event occurrences within
the dataset. This skewness in data could have implications
for further analysis, affecting our choices in terms of the
training strategy adopted and metrics used to evaluate the
classification performance of our CNN model, as described
in Section 3.2. After creating our patch classification
dataset, we statically split it into train and test by
using 90% and 10% splits. We used stratified sampling
to keep the exact percentages of the event and non-event
classes in the train and test datasets. However, during
the stratification sampling process, we split the dataset
using a geographical split criterion instead of performing
random sampling. This means that all the patches related

to a specific dataset location were placed exclusively in
the train or the test partition. The idea of such a choice
is to avoid data leakages between train and test due to
possible spatial similarities of patches with the exact
locations that could lead to overestimating the model
performances [27]. After tiling, patches were visually
inspected to avoid errors in the labeling procedure. The
total number of patches in the train and test partitions
is 4502 and 531, respectively.

During the model training, the train partition is split at
runtime into Train and Cross-Validation (CV) with 90%
and 10% split ratio by using a random geographically split
logic, performed as shown in Fig. 2. In particular, we first
selected a desired Cross-split ratio (dg;) (e.g., 10%), which
fixes the maximum number of CV patches and a value to
be used as an initial seed for the next random assignment
operations. Then, we create a dictionary containing the
name of a location (key) and the corresponding number
of patches (value) for partitioning all the volcano, fire,
and non-event patches in the training dataset. After
randomly shuffling the location names in the dictionaries,
we pick the following location for volcano events and
assign all the corresponding patches to the CV split.
If the number of patches assigned to the CV partition
is lower than the maximum, we perform the same step
for fire events. In this way, both the CV and the Train
partitions will have wildfire and volcanic eruption events.
We continue iteratively until the number of CV patches
is greater or equal to the maximum; the remainder is
assigned to the Train partition. The total number in the
CV split is generally overestimated by proceeding this
way. Therefore, we calculate the actual split ratio («asg,)
and compare it to the desired one. If g, —ds;| < 0.01- gy,
we accept the performed split. On the contrary, if that

Max number of .
CV patches I

Seed

4
Move all the other|

1
T picknew | [ NmberoTc puebes o Tain | o L oy <o0ig
Sp]it location < maximum? Split ratio
Random T ! AYes Yes
Dt}siregi S geographic : Pick next location and Number of test Y
split ratio | shuffle No._ move all the related  ---- patches lower End
patches to CV than the maximum?
Geographic
locations

Fig. 2 Pictorial illustration of the method used for dividing the dataset into training and cross-validation partitions. It
involves an iterative process that includes several key steps: (1) determining the ratio for the split, (2) performing a random
geographical division of the data, and (3) comparing the number of patches in each partition.
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condition is not met, we choose another seed so that the
random shuffling of the locations will lead to different
results, and the split will be performed again.

Using a runtime random assignment of the locations,
it is possible to test the effect of the different splits in
the Train/CV partitions on the final model performance
while keeping the advantages of geographical splitting.

Table 1 shows the number of patches for the different
dataset sets and classes.

Table 1 Thermal hotspots dataset overview

Description Count % of total dataset
Event patches 394 7.83%
Non-event patches 4636 92.17%
Total patches 5033 100%
. R Event (360),
Train-validation Non-event (4142) 89.45%
Test Event (34), 10%

Non-event (497)

3.2 Model training

Since both the train and the test datasets are unbalanced,

using accuracy as a classification metric is not advisable

[30]. Therefore, we opted for Matthew Correlation

Coefficient (MCC) as the metric to evaluate and compare

our trained models, which already found numerous

applications for assessing binary classification problems

on unbalanced datasets [30-32]. The MCC can be

calculated as shown in Eq. (1) [32):

In-Tp — Fp- Fx

\/(Tp + Fp)(Tp + Fn)(IN + FN)(IN + FP)(

1)

where Tp, Tn, Fp, and F\ are, respectively, the total

MCC &

number of True Positives, the total number of True
Negatives, the total number of False Positives, and the
total number of False Negatives. Since in our dataset, the
total number of events is much smaller than the number
of non-events, one model predicting all the patches as
non-event would have an accuracy roughly of 93.6% on
the test set but an MCC of 0, which represents a random
prediction. Because of that, MCC represents a valid
alternative to scoring the capability of a trained model
to predict both event and non-event patches correctly.
However, to partially fix the problem of class
unbalance, during training, we upsampled the “event”
class of a factor Nypg by presenting the same
patch multiple times after applying a random light
augmentation. This allowed us to balance the dataset
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classes partially. In particular, we tested different values
of Nyps € {2,3,4,6,7}. We repeated the training for
five seeds (i.e., 0, 9, 14, 18, 19) for each value to make a
robust performance assessment.

After training, we picked the model featuring the best
MCC value on the cross-validation dataset for each of
these sets of hyperparameters.

We trained our model using different training
strategies, i.e., supervised and MSMatch. We used an
EfficientNet-lite0 model pre-trained on ImageNet [33]
for both training strategies. To train the models with
supervised learning, we applied the weak augmentations
included in the MSMatch pipeline [29], i.e., image
translations by up to 12.5% and horizontal flips.

The training was performed using stochastic gradient
descent with a momentum of 0.9 and weight decay of
0.00075, with an initial learning rate of 0.03. Furthermore,
we used a batch size of 8 patches. During training, the
CV dataset was evaluated with an exponential moving
average with a momentum of 0.999. We noticed that the
training process failed for specific combinations of Nypg
and seeds, leading the model under training to predict
non-event for all the possible inputs. We supposed this
problem to be linked to the significant imbalances in the
training class. Therefore, we added the weighting factors
to the loss function for each class in Eq. (2):

4636
Wg=——
E NUpS x 5033 (2)
o 397 x NUPS
N 5033

where wg, and wng are, respectively, the weighting factors
for the event and non-event class. As one can see,
when Nyps = 1, wg and wng weight errors in the loss
function proportionally to the inverse of their population
percentages in the dataset. When Nyps # 1, wg and
wng are scaled to compensate for the effect of the event
class upsampling.

Compared to the original work [29], as for supervised
learning, we modified the pipeline by adding the “event”
class upsampling. After the upsampling, we used 400
samples per class as labelled examples, while the rest
were used as unlabelled ones. In addition, compared
to the MSMatch pipeline, we did not apply channel
normalization. As stated, we used the same setup for
the hyper-parameters shared with supervised learning.
Furthermore, for each of the eight labelled examples
in the batch, we used four unlabelled examples (i.e.,
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unlabeled-ratio of 4) and a pseudo-label cutoff threshold
of 0.95.

4 E2E breadboard and benchmarking on
multiple edge computing hardware

We created a breadboard implementation on target edge

computing hardware to measure the timing and energy

performance that E2E can attain. In particular, we
compared three test setups leveraging different hardware
chains:

e E2E pipeline on Raspberry Pi 4 only. The full E2E
pipeline is performed on a Raspberry PI device,
which was chosen due to its broad use in CubeSat
missions [34-36]. Specifically, we used a Raspberry PI
4 equipped with 4 GB of random access memory.

e E2E pipeline on Raspberry Pi 4 and a Neural Comput
Stick (NCS) 2®. In this setup, the CSC and raster-
tiling operations are implemented on the Raspberry Pi
4 Central Processing Unit (CPU), while the inference
of the CNN is offloaded to a NCS 2, which is connected
to the Raspberry PI CPU through a USB cable.
Differently from a Raspberry PI4, which is a general-
purpose CPU, the NCS 2 is a processing device
specifically tailored for ML applications. Specifically, it
is equipped with an Intel® Movidius™ Myriad ™
X VPU, a 16 nm AI processor featuring 16 Very
Long Instruction Word Streaming Hybrid Architecture
Vector Engine (SHAVE) processors, 2 Neural Compute
Engines specific for neural network executions and high
throughput intelligent memory fabric to reach up to 4
Trillion Operations per second with a maximum power
consumption of 1.5 W [37]®. Because of that, this setup
is supposed to outperform the first scenario in terms
of timing and energy-performance at the expenses of
an increased hardware complexity. The NCS 2 enables
quick iterations and is readily available to consumers
but is not space grade. This benchmark shows the
relevance of testing on NCS 2 for space applications and
characterizes the delta between actual space hardware
and this Commercial Off-The-Shelf NCS 2.

e E2E pipeline on Raspberry Pi 4 and a Ubotica
CogniSat-XE2  board. In  this

@ Intel® Neural Compute Stick 2 (Intel® NCS2): https://www.in
tel.com/content/www/us/en/developer/articles/tool /neural-c
ompute-stick.html

® Intel® Movidius™ Myriad™ X Vision Processing Unit: https:

//www.intel.com/content /www/us/en/ark/products/series/21
3842 /intel-movidius- myriad-x- vision- processing- units.html

experimental

configuration, the CNN model is inferred on

the CogniSat-XE2®. Similar to the NCS 2, the

CogniSAT-XE2 board incorporates a Myriad X

VPU. However, differently from the NCS 2, it is

specifically designed to accelerate the inference of ML

models on CubeSat payloads. It has been successfully

deployed in the context of the CogniSat-6 mission [16].

Consequently, this setup provides a lower reality gap

solution than the setup using the NCS2.

For all the configurations, we utilised the CNN model
with seed = 18 and Nyps = 3, which showcases
the best MCC performance on the test set MCC =
0.902. Specifically, to comply with the Myriad X-
supported arithmetics, we quantized the trained model
via post-training quantization using 16-bit Floating Point
(FLOAT16). Indeed, although the INTS8 arithmetic could
have further improved energy and timing performance,
we opted for a floating point format to minimize the
implementation loss due to quantization. This choice is
also supported by the fact that FLOAT16 is sufficient to
achieve real-time performance with no need for further
optimization in terms of energy and timing performance.
To make a fair comparison, the FLOAT16 quantized
model was also used for the setup relying only on
Raspberry PI.

For the setups using the NCS2 and CogniSat-XE2
board, the quantized model was then compiled by using
OpenVINO v2022.1°® before deployment.

The total workflow adopted workflow needed to
implement the model on Myriad X is depicted in Fig. 3.

.. Model
MO(]i_.ell tglzmng quantization
(Float32) (Float16)
A
Y
Run to Export to
Myriad X OpenVINO IR
~

Fig. 3 Pictorial representation of the workflow used to
implement a model on Myriad X.

The Siglent SPD3303X Programmable DC Power
Supply was used to measure the power consumption
inference.

during the Timing measurements were

@ Cognisat-XE2: https://ubotica.com/ubotica-cognisat-xe2/

® OpenVINO™ toolkit: https://www.intel.com/content/www/
us/en/developer/tools/openvino-toolkit /download.html?VER
SION=v_2023_2_0&OP_SYSTEM=WINDOWS&DISTRIBUT
ION=ARCHIVE
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performed using time Python libraries and recorded on
the Raspberry Pi. The full test setup leveraging the
CogniSat-XE2 board is shown in Fig. 4.

Fig. 4 Test setup. Shown are the Siglent SPD3303X
Programmable DC Power Supply, the Raspberry Pi 4, and
the CogniSat-XE2 board. The monitor, keyboard, and mouse
attached to the Raspberry Pi are not shown.

5 Results
5.1 Training results

The current overview of Table 2 aims to illustrate the
model’s performance across various training strategies,
thereby providing a comprehensive demonstration of its
general capabilities.

Indeed, under the previously outlined methodology,
we conduct a rigorous benchmarking analysis on the

model trained to utilize three distinct approaches, namely
MSMatch, Supervised Unweighted, and Supervised
Weighted. Based on the observations depicted in Table
2, each graph illustrates the outcomes obtained from five
distinct seeds (0, 9, 14, 18, 19), signifying various model
initializations across a range of five distinct upsampling
factors (2, 3, 4, 6, 7). Such results were obtained by
testing the trained models on the test dataset.

Concerning the MSMatch training (Table 2), the
range of MCC values spans from —0.2121 to 0.8864.
Predominantly, the results showcase positive values,
suggesting a reasonable prediction accuracy across most
of the setups. However, a significant outlier is observed
with the negative MCC value of —0.2121 for the
combination of seed 14 and an upsampling factor of 2.
This particular result is concerning as it indicates a lack of
predictive accuracy and a possible inversion in prediction,
where the model may be consistently incorrect. This could
point to a potential issue in the model’s training process
or a specific anomaly in the data for this configuration.

The MCC values in the unweighted supervised training
(Table 2) vary from 0 to 0.9023. There are predominantly
positive values, indicating effective model performance in
most scenarios. However, for both seed 18 and seed 9 with
Nyps = 2, the trained model predicts non-event for any
input patch, which leads to an MCC of 0. Nevertheless,
as shown in Table 2, the proposed weighting strategy
described in Section 3 is effective in removing such for
seeds 9 and 18, leading to positive MCC values. A null
MCC is found for seed 19 for Nyps = 2 when using the
weighted training strategy. It is interesting that negative
or null MCC values are found only for Nyps = 2 for all
the different training strategies. That remarks the need
for upsampling the underrepresented event class during
training.

Since our goal is to train the model for any seed

Table 2 Comprehensive evaluation of MCC across different training techniques: MSMatch training, weighted supervised
training, and unweighted supervised training, calculated for different upsampling factor values Nups (2, 3, 4, 6, 7) and seeds

(0, 9, 14, 18, 19)

MSMatch training

Weighted supervised training

Unweighted supervised training

2 3 4 6 7 2 3 4 6 7 2 3 4 6 7
0 0.836 0.788 0.839 0.812 0.750 0.795 0.750 0.805 0.793 0.793 0.830 0.788 0.756 0.825 0.812
9 0.886 0.851 0.858 0.526 0.868 0.722 0.869 0.886 0.807 0.871 0.000 0.833 0.774 0.821 0.795
14 —-0.212 0.705 0.504 0.812 0.843 0.716 0.817 0.716 0.857 0.902 0.786 0.832 0.871 0.871 0.832
18 0.869 0.839 0.664 0.871 0.805 0.812 0.886 0.830 0.857 0.819 0.000 0.902 0.807 0.854 0.854
19 0.758 0.836 0.793 0.812 0.825 0.000 0.774 0.756 0.830 0.815 0.750 0.851 0.805 0.768 0.833
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successfully and not to compare different training
techniques to characterize our models’ performance, we
picked the best model obtained for each combination of
(Nups, seed) listed in Table 2 among the three training
strategies, and we averaged them among the seed values.
The obtained results, displayed in Table 3, range from
0.780 to 0.854 for Nyps and show an increasing trend for
growing values of Nyps.

Figure 5 showcases the classification masks produced
by the E2E pipeline on three different raw granules when
the best model is used (MCC = 0.902). The classification
mask produced for the first granule, correspondent to a
wildfire acquired in Australia in 2019—coordinates (lat =
—29.92°, lon = 152.34°)—underlines the capability of the
trained to detect events much smaller than the patch size

185

441

697

512 768

Table 3 Average MCC results over different training seeds
for different upsampling factor values (2, 3, 4, 6, 7). Such
results were achieved by averaging over seeds the best value
for each (Nups, seed) among the three training strategies

Nups (average over seed)
2 3 4 6 7
0.780 0.848 0.839 0.8408 0.854

and partially affected by registration errors due to the
coarse spatial registration technique used. This fact seems
to remark on the findings by Fanizze et al. [24], which
states that the robustness of the model to registration
errors can be increased by including misregistered patches
during training.

To further investigate the impact of coregistration
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Fig. 5 Classification masks for three different raw granules produced by the E2E pipeline when the best model (MCC =

0.902) is used. Patches classified as event are marked in red.
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errors on possible misclassifications, we checked the
misclassified patches—Fig. 6—by the best model on the
test split. Two of the six misclassified patches feature
events of small size that are completely or significantly
unregistered (i.e., patches 2, and 3 ). In these cases, it
is possible to suppose that the entity of the registration
errors, significantly higher than the average value of
1 px reported in our previous work [7], combined with the
presence of events of very reduced size could have led the
model to classify those patches as non-events wrongly.

In patches 1 and 5, registration errors are not evident.
However, both these patches feature a significant presence
of clouds/smoke partially overlapping with the thermal
hotspot event, which could have contributed to the
classification error. Patch 4 is difficult to judge by visual
inspection, since it is difficult to distinguish events from
other unregistered elements in the image.

Finally, patch 6 is predicted by the model as event
despite its expected label being non-event. However, it is
possible to notice by visual inspection that the model’s
prediction is correct, which showcases that the model
outperformed our labelling procedure for this patch.

5.2 Power consumption and latency results

All the setup were run for 3 granules for 256 iterations.
Moreover, in the case of the Raspberry Pi + CogniSat-
XE2 setup, the experiments were performed by running

Fig. 6 Misclassified patches by best model (MCC = 0.902) on the test dataset. Starting from the top left, we number the
patches 1 to 6.
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one and two executors on the CogniSat-XE2 device. An
executor consists of a mechanism of the board firmware
that interacts with the SHAVE processors to run the
inference phase in parallel by adding two instances of the
same neural network, making it possible to parallelize
two instances of the same neural network or two different
models.

This normally improves the execution time when
several inferences can be run in parallel but also adds
a small overhead related to the synchronization of the
operations performed on the board. A summary of the
results can be seen in Table 4, showing the average and
peak power (W) of each execution and the mean running
time per granule considering the whole process. It is worth
noting that using both the NCS2 or the CogniSat-XE2
board allows the processing of the granules with real-time
performance, i.e., with a processing time lower than the
acquisition time (3.6 s) [17]. On the contrary, the setup
leveraging only a Raspberry Pi 4 surpasses the required
time per granule by far. A more detailed explanation of
each of the results is featured below.

5.2.1 Raspberry Pi 4

The execution of the Raspberry Pi 4 was carried out
to establish a baseline and investigate the possibility of
running the proposed E2E chain in real time on satellite

hardware.
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Table 4 Results — power and timing benchmark measurements

Peak power (W)

Deployment device Average power (W) Time per granule (s)

Raspberry Pi 4 5.3 6.2 16.2
Raspberry Pi 4 & NCS2 5.5 6.6 1.6
Raspberry Pi + CogniSat-XE2 (1 executor) 5.8 6.4 2.0
Raspberry Pi + CogniSat-XE2 (2 executors) 5.5 6.4 1.8
T 278C
=1 52789 W
=5
Sa
5 L 27357 W
E 3‘ A A-AAALAALA, A AAAAAAAA A AAAAAAAA-AA, AAAAAAAAA A, A AAAAAAAA A ANAAAAAA A, A AAAAAAAAA
2 —— Idle consumption
g 21 Execution consumption
O 11 = Mean idle consumption
0 ~— Mean execution consumption

Fig. 7 Graph displaying the Raspberry Pi 4 power consumption over time, with blue indicating idle and yellow for execution
consumption. Horizontal lines represent average values, showing 5.27 W during execution and 2.73 W in idle state.

4.1010 W
f"A—\AAAA A\ A AAAAAA
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5.
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4642 W
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A

— Idle consumption
Execution consumption
~— Mean idle consumption
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Consumption (W)
S = N Wk U0

Fig. 8 Graph displaying the Raspberry Pi 4 + NCS2’s power consumption over time, with blue indicating idle and yellow for
execution consumption. Horizontal lines represent average values, showing 5.46 W during execution and 3.49 W in idle state.

The whole execution took 16.2 s per granule on average,
while the execution had a peak power consumption of
6.2 W and a mean power consumption of 5.3 W. Notably,
this configuration does not enable the execution of
our pipeline in real time since the processing time is
significantly higher than the acquisition time.

Figure 7 depicts the power consumption evolution
during the whole process (in yellow) and compares it
with the consumption of the system in idle mode in
similar circumstances.

5.2.2 Raspberry Pi 4 € NCS2

Adding the NCS2 to the setup allows reducing the
computational time to 1.6 s per granule, allowing real-
time execution. Moreover, the execution had a peak power
consumption of 6.6 W and a mean power consumption
of 5.5 W.

Figure 8 depicts the power consumption evolution
during the whole process (in yellow) and compares it
with the consumption of the system in idle mode in
similar circumstances. It is worth noting that the initial
low consumption of the system is due to the initial steps
to set up and run the NCS2 device without performing

inference.

5.2.83 Raspberry Pi + CogniSat-XE2

To test with the CogniSat-XE2 board, two different
configurations were run, using 1 and 2 executors. For
both cases, the pre-processing required prior to running
the inference was run on the Raspberry Pi, with a
computational time of 0.7 s.

Configured to run with one executor, the inference time
for 3 granules is 5.3 s, making a total of 6 s, inclusive of
the pre-processing time, obtaining an average inference
time of 2.0 s per granule, which will allow real-time
execution. With this configuration, the average and peak
power consumption reported for the whole system are
respectively 5.8 and 6.4 W (Fig. 9).

In addition, with two executors, the inference time
for 3 granules is 4.7 s. When the pre-processing time
is considered, the total processing time is 5.4 s, which
corresponds to an average total processing time of
1.8 s. When two executors are used, the average and

peak power consumption were respectively 5.5 and 6.4
W (Fig. 9).
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Raspberry RI’s preprocessing and XE2’s inference with 1 executor (3 granules) (just 1 iteration of the whole process)

Preprocessing

Consumption (W)
S = N W ks LI 0

Inference (1 executor)
4.8090 W

Preprocessing time: 0.6233 s
Inference time: 5264.9019 ms
Total time: 5.8882 s

6.3600 W

Time (s)

Raspberry RI’s preprocessing and XE2’s inference with 2 executors (3 granules) (just 1 iteration of the whole process)

Preprocessing

Consumption (W)
S = N W A L N 0

Inference (1 executor)
4.8090 W

Preprocessing time: 0.6233 s
Inference time: 4685.1981 ms
Total time: 5.3085 s

6.3670 W

Time (s)

Fig. 9 Graphs illustrating power consumption over time for the Raspberry Pi 4 + CogniSat-XE2 are presented: the top
plot shows usage with a single executor and the bottom with dual executors. Blue marks the pre-processing phase, while red
denotes the inference stage. This assessment was conducted using three granules, limited to a singular iteration each.

6 Discussion

Previous works have advocated for the use of Al to pre-
filter data directly on the spacecraft to move away from
the “first-in-first-out” bent-pipe model [37, 38]. However,
existing work, such as the work by Furano et al. [37] and
by Giuffrida et al. [3], proposes the utilisation of a file
storage system in which files are stored, optionally pre-
processed, and subsequently pulled for Al interpretation.
While this approach can provide value, the lightweight
methodology proposed here is distinct from these storage
and pre-processing-based approaches. By operating on
raw data, the pipeline proposed here is lightweight while
maintaining sufficient accuracy. Since the system is able
to process data at a faster rate than the ones data are
produced, the need to store the information in storage
is mitigated, and data can be transferred directly to
the AI accelerator for inference. Notably, performing
processing in real time allows for significantly curtail
the delay in the creation of the alert map compared to
existing on-board Al processing approaches, which are
slower due to the need for storage and/or pre-processing of
images before Al inference can commence. This is critical
for thermal hotspot classification or other early alert
systems for which the delay in data processing directly
affects the delay in the notification of target alerts to end-
users. One limitation of our analysis is the assumption
that the image to be processed is immediately available

il ¥ £ % it @ Springer
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after its creation. Consequently, we are overlooking
potential delays associated with transferring images from
the camera to the payload mass memory and from the
mass memory to RAM. However, some implementations
of very high-speed communication protocols, such as
SpaceFibre [39], can attain a useful data-rate of 2.5 Gb/s
[40]. Because of that, considering that the size of an entire
raw image is roughly 0.38 Gb, the delay due to such data
transfers can be reduced to less than 0.2 s. Because of
that, this assumption does not substantially impact our
results.

Another important result is the significantly reduced
energy and peak power consumption during the model
inference. Indeed, the energy consumption directly affects
the available orbit power and, therefore, the maximum
duty cycle and coverage area that can be attained.
Moreover, the E2E pipeline operates assuming that the
payload imager and the payload data handling unit
operate simultaneously. Because of that, reducing the
peak power consumption is of utmost importance to
ensure the heat generated can be adequately dissipated.
Therefore, having a low peak and energy consumption is
critical to ensure the scalability and the miniaturization
of payload design and, therefore, limit the mission cost.

Our results show that the real-time speed of data
processing and energy efficiency are achievable thanks
to two main factors. Primarily, the inclusion of an
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AT hardware accelerator in the system architecture
is of utmost importance. Without this accelerator,
the required throughput is not achieved in our setup.
Moreover, a significantly larger amount of energy is
consumed. Therefore, a design for any space system
that incorporates this paradigm should be optimised for
this trade-off of system complexity, throughput, energy
consumption, hardware mass and volume. It is likely
that for smallsats with similar ARM-based processing,
the inclusion of a hardware accelerator in the system
architecture is required. The other factor that enables
real-time processing is the adoption of a lightweight
pre-processing, consisting of the CSC proposed in our
previous work [7]. The latter ensures sufficient accuracy
even in cases in which events significantly smaller than the
patch size are included. Notably, some exceptions exist in
which the entity of registration errors is significantly
higher than the average, leading to a complete or
significant displacement of small thermal hotspots.
Despite these cases representing exceptions, their correct
detection is of utmost importance for early alert systems.
Because of that, future works will focus on improving the
timing/quality trade-off of the bandwidth registration,
exploring the investigation of ML-based models. Finally,
it is worth remarking that the used “raw” data, as defined
in our previous work [7], differs from the Sentinel-2
sensory data because of the loss of information introduced
by the compression scheme adopted in the Sentinel-2
mission [41], and not-reverted onboard equalization.

The latter was not reverted because of the impossibility
of retrieving the coefficients applied to each granule. If
onboard equalization is necessary to ensure sufficient
model performance, it could be included in the proposed
pipeline scheme without significantly affecting our real-
time performance, being it a lightweight processing step
(i-e., double-step piece-wise linear function). Therefore,
we believe these discrepancies between the used data and
real sensory-raw data do not affect the validity of our
results.

7 Conclusions

The study has proposed a payload data processing
concept to create a thermal hotspot binary classification
map from processing multispectral or hyperspectral raw
data end to end. To this aim, data are provided as
input to a CNN after being pre-processed through a

tailored lightweight pre-processing strategy. Extensive
benchmarks demonstrate the model behavior under
several training strategies such as MSMatch, Supervised
Unweighted, and Supervised Weighted. The analysis,
grounded in the MCC values, has revealed a significant
performance of the method.

A breadboard of the E2E prototype was implemented
by leveraging variegated hardware processing chains. The
analysis of power consumption and latency of different
hardware setups provides valuable practical insights
highlighting how real-time performance is achievable
by incorporating additional hardware like NCS2 and
CogniSat-XE2, in contrast to the baseline Raspberry
Pi 4 setup. The detailed examination of power and
timing metrics across various configurations showcases
the efficacy of these setups in reducing computational
time and highlights the trade-offs in power consumption.
These insights are integral to optimizing computational
resources in real-time data processing scenarios, paving
the way for more efficient and effective deployment of
such systems in practical applications.

In summary, the crucial finding reported in the study
demonstrates the feasibility of timely data processing
in the realm of the constrained environment of onboard
computing, marking a significant advancement of ML in
space.
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