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Abstract

Artificial intelligence (AI)-driven onboard data processing is a cor-
nerstone of future space missions, enabling autonomous and time-critical
decision-making in applications such as planetary exploration, in-orbit ser-
vicing, and Earth Observation (EO). Executing AI algorithms directly
onboard mitigates the latency and bandwidth constraints inherent to
ground-based processing. However, most commercial off-the-shelf edge
AT accelerators lack the radiation tolerance required for long-duration and
deep-space missions. Space-qualified Field-Programmable Gate Arrays
(FPGAs) provide a robust alternative, combining fault tolerance, low power
consumption, and in-flight reconfigurability. This thesis investigates FPGA-
based acceleration of deep learning models for real-time target detection in
optical Earth observation. The proposed SR-YOLOuvds network integrates
a convolutional super-resolution backbone to enhance the recognition of
small maritime targets, achieving a mean mAP5y of 0.9272 4+ 0.0029 and a
64.5% gain in very small object detection. Implemented on the Microchip
PolarFire System-on-Chip with the CoreVectorBlox accelerator, the model
achieves 18 fps while consuming less than 2 W of power, demonstrating the
feasibility of compact, energy-efficient neural pipelines for size-, weight-, and
power-constrained platforms such as CubeSats. Integration of the CoreVec-
torBlox within the ANHEO autonomous navigation unit demonstrated the
advantages of FPGA reconfigurability through bitstream updates, yielding
a 3.3x performance improvement and a 50% energy reduction per frame in
the satellite detection task. Altogether, the findings establish reconfigurable
FPGAs as a key enabler of intelligent and resilient spacecraft, providing the
capability to adapt onboard computational resources to evolving mission

objectives, operational conditions, and algorithmic developments.

Keywords: Artificial Intelligence, FPGA-based Acceleration, Autonomous

Spacecraft, Object Detection, Relative Navigation, Radiation Tolerance.






Sintesi in lingua italiana

L’elaborazione a bordo tramite intelligenza artificiale (IA) rappresenta
un pilastro delle missioni spaziali di nuova generazione, abilitando deci-
sioni autonome e in tempo reale che riducono la latenza e la dipendenza
dalle comunicazioni a terra. Tuttavia, la maggior parte degli acceleratori
commerciali non dispone della tolleranza alle radiazioni necessaria per
missioni di lunga durata o nello spazio profondo. Gli FPGA qualificati per
I’ambiente spaziale offrono un’alternativa affidabile, coniugando tolleranza
alle radiazioni, efficienza energetica e capacita di riconfigurazione in volo.
Questo lavoro esplora ’accelerazione mediante FPGA di modelli di deep
learning per il rilevamento in tempo reale di target in immagini ottiche
di osservazione terrestre. L’architettura proposta, SR-YOLOuvs, integra
un modulo di super-risoluzione per migliorare il riconoscimento di piccole
imbarcazioni nell’ambito della sorveglianza marittima, raggiungendo una
mAP5 media di 0.9272 £ 0.0029 e un incremento del 64.5% nella rilevazione
di target molto piccoli. L’implementazione su Microchip PolarFire System-
on-Chip con acceleratore CoreVectorBlox consente di ottenere 18 fps con
un consumo inferiore a 2 W, dimostrando la fattibilita di pipeline neurali
compatte ed efficienti per piattaforme come i CubeSat. L’integrazione del
CoreVectorBloz nell’'unita di navigazione autonoma ANHEO ha eviden-
ziato i vantaggi della riconfigurabilitda FPGA tramite aggiornamento del
bitstream, con un miglioramento prestazionale di 3.3%x e una riduzione del
50% del consumo energetico per frame nell’operazione di satellite detection.
Nel complesso, i risultati confermano il ruolo delle FPGA riconfigurabili
come tecnologia abilitante per piattaforme spaziali intelligenti, capaci di
adattare dinamicamente le proprie risorse computazionali all’evoluzione

degli obiettivi di missione e degli algoritmi di bordo.

Parole chiave: Intelligenza Artificiale, Accelerazione FPGA, Autono-

mia, Object Detection, Navigazione Relativa, Tolleranza alle Radiazioni.
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Chapter

Introduction

The purpose of computing is insight,

not numbers.

Richard W. Hamming

Space systems are undergoing a fundamental transformation from tradi-
tional ground-centric architectures toward autonomous frameworks capable
of sensing, reasoning, and acting with minimal human intervention. This
evolution is driven by critical operational constraints inherent to space
missions: limited bandwidth combined with high latency in space-to-ground
communication, intermittent ground station contact windows, and the im-
perative for rapid decision-making in dynamic scenarios spanning Earth
Observation (EO), spacecraft navigation, in-orbit operations, and Space
Situational Awareness (SSA) [161].

Traditional mission architectures centralize most decision-making within
ground control centers. As mission complexity and constellation sizes grow,
this paradigm encounters fundamental bottlenecks: downlink capacity con-
sistently lags onboard data generation rates; communication delays imposed
by orbital dynamics introduce substantial and variable latencies preventing
timely ground intervention, and ground station visibility windows remain
short and intermittent, fragmenting continuous operational oversight. These
constraints render time-critical information products unavailable precisely
when their operational value would be highest.

Onboard autonomy addresses these limitations by deploying compu-



CHAPTER 1. INTRODUCTION

tational capabilities directly aboard spacecraft, enabling real-time data
processing at the edge. This paradigm shift offers three key advantages.
First, executing algorithms adjacent to sensors minimizes end-to-end pro-
cessing latency, enabling near-instantaneous response to detected events.
Second, raw sensor measurements can be transformed onboard into com-
pact, high-value data products—such as event notifications, extracted
metadata, or prioritized image subsets—optimizing limited downlink band-
width. Third, autonomous decision-making enables adaptive spacecraft
behavior when communication delays or ground station outages make
human-in-the-loop control operationally infeasible [161, 189]. Through
these mechanisms, spacecraft can close the perception-to-action loop in
sttu, responding autonomously to detected phenomena without awaiting
ground commands |75].

The maturation of Artificial Intelligence (Al) technologies— encompass-
ing both Machine Learning (ML) and Deep Learning (DL)— provides the
algorithmic foundation to realize this vision. Autonomous space systems
are structured around functional layers mirroring the classical sense-think-
act paradigm: a sensing layer for perception and information extraction, a
reasoning layer performing state estimation and decision-making, and an
actuation layer executing operational responses. Al techniques augment
capabilities at each architectural level.

At the sensing layer, DL-based algorithms enable autonomous extraction
of semantic information from multi-modal sensor streams through detec-
tion, classification, segmentation, and change analysis |76, 2, 81|. At the
reasoning layer, learning-based techniques enhance state estimation, enable
predictive modeling of spacecraft dynamics |78, 200] and environmental phe-
nomena—including forecasting evolving Earth surface events [12, 203]—and
support resource-constrained mission planning under uncertainty [173]. At
the actuation layer, Al enables diverse autonomous responses: refining
spacecraft Guidance, Navigation, and Control (GNC) [170]; generating
time-critical alerts [211, 188]; and prioritizing data products. Collectively,
these capabilities elevate operational autonomy, enabling spacecraft to
respond independently to internal anomalies and external mission-relevant
phenomena while substantially reducing ground-based intervention.

However, deploying autonomous systems in space requires establishing
rigorous trust and assurance frameworks [209]. Al algorithms must demon-
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strate consistent reliability, predictable behavior under diverse operational
conditions, and sufficient accuracy to operate without continuous human
oversight, necessitating verification and validation methodologies ensuring
robustness against sensor noise, environmental disturbances, and hardware
faults while maintaining safe operation throughout the mission lifecycle.

1.1 Autonomous Earth Observation Systems

EO represents a critical application domain for spacecraft autonomy.
Modern missions face fundamental challenges—high data volumes, time-
sensitive events, and limited downlink capacity—that autonomous systems
can help address through onboard perception, reasoning, and decision-
making.

Satellite Remote Sensing (RS) systematically acquires and analyzes
electromagnetic radiation from Earth’s surface using spaceborne sensors
operating across multiple spectral bands. This approach provides consistent,
large-scale measurements with controlled spatial and temporal repeatability,
producing calibrated quantitative data that support geophysical modeling
and situational awareness [29].

1.1.1 Remote Sensing Technologies

Modern EO satellites employ diverse sensor technologies, each opti-
mized for specific applications. Electro-optical sensors operating in visible
and Near Infrared (NIR) wavelengths provide radiometrically calibrated
surface reflectance measurements. Following atmospheric correction and
geometric registration, these observations support intelligence applica-
tions—infrastructure monitoring, activity pattern detection, strategic asset
assessment—and scientific applications including land-cover mapping, vege-
tation monitoring, agricultural assessment, and hydrological analysis [40].

These optical payloads typically employ a pushbroom scanning configu-
ration, in which the spacecraft’s orbital motion combined with the sensor’s
field-of-view geometry defines the spatial coverage and temporal sampling
of the acquired imagery. As the instantaneous field of view (Instantaneous
Field Of View (IFOV)) sweeps across the surface, the sensor line array
progressively builds a continuous image swath (Figure 1.1). The combi-




CHAPTER 1. INTRODUCTION

R —

Spacecraft Motion

IFOV

SWat/,

IGFOV

Figure 1.1. Along-track scanning for optical Earth observation

nation of orbital altitude, sensor pointing, and optical design determines
the Ground Sample Distance (GSD)—the ground-projected size of a single
detector element—and the swath width, while orbital dynamics and tasking
strategies influence revisit frequency and overall data generation rates.

Hyperspectral sensors extend multispectral capabilities by capturing
tens to hundreds of narrow, contiguous spectral bands, enabling detailed
material discrimination for forest biophysical parameter retrieval, soil char-
acterization, and geological exploration [219]. Active microwave Synthetic
Aperture Radar (SAR) systems provide complementary all-weather, day-
night imaging capabilities essential for persistent monitoring, surface de-
formation detection, and topographic mapping [184]. Thermal infrared
sensors support temperature-based hazard assessment and energy balance
studies.

Contemporary EO systems have advanced significantly across three
dimensions. Spatially, modern satellites achieve sub-meter resolution —
WorldView-3 provides 31 cm panchromatic and 1.24 m multispectral imagery
with sub-daily revisit capability [134, 76]. Spectrally, missions such as
PRISMA offer unprecedented sampling density with 66 Visible (VIS)/NIR
bands and 173 Short-Wave Infrared (SWIR) bands spanning 400-2505 nm
at 30 m resolution [45]. Temporally, large constellations like PlanetScope
approach near-daily global coverage with tasking capabilities enabling
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frequent revisits to monitor rapidly evolving phenomena [65].

These advances in spatial, spectral, and temporal resolution collectively
generate vast data volumes— often terabytes per satellite per day — neces-
sitating automated intelligent processing to extract relevant information
within operationally useful timeframes. Among available sensing modali-
ties, optical imagery dominates operational applications [239], stemming
from several factors: optical sensors provide high spatial resolution with
intuitive visual interpretability, require less specialized processing compared
to SAR, and benefit from decades of mature algorithms and operational
workflows [229].

Many critical applications—disaster response, maritime surveillance,
urban monitoring—require detecting specific targets within large-area im-
agery: individual vehicles, vessels, or infrastructure elements occupying tiny
fractions of scenes yet representing mission-critical content. Automated
target detection systems must identify these small, spatially sparse objects
with high accuracy to enable effective operational decision-making.

1.1.2 Small-Object Detection Challenges

DL has significantly improved Object Detection (OD) performance in
satellite imagery, establishing DL-based methods as standard approaches
for environmental monitoring and surveillance [76]. Unlike traditional
model-based approaches, DL architectures learn feature representations
directly from data, enabling robust detection across diverse scenes, lighting
conditions, and atmospheric variations, achieving state-of-the-art perfor-
mance from land-use classification to vehicle tracking and maritime surveil-
lance [113].

However, significant challenges remain detecting small targets—objects
with limited spatial extent, low contrast against backgrounds, or presence in
cluttered environments. When objects occupy few pixels, textural informa-
tion becomes limited, structural cues weaken, and contextual information
decreases, constraining feature extraction capabilities. Standard OD models
(YOLO, SSD, RetinaNet, Faster R-CNN, EfficientDet) perform well on
medium and large objects but show degraded accuracy for small targets or
low-resolution imagery [226]. As deep networks downsample feature maps
through successive convolutional and pooling layers, discriminative signals
from small objects progressively attenuate, increasing missed detections
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Figure 1.2. Impact of spatial resolution on target detection

and misclassifications [231].

Ship and vessel detection represents a particularly challenging appli-
cation. The literature documents extensive methodological developments
for maritime scenarios [24], with [241| surveying evolution from traditional
algorithms to modern deep convolutional and transformer-based archi-
tectures, including two-stage frameworks (R-CNN family), single-stage
models (YOLO, SSD, RetinaNet), and anchor-free and transformer-based
approaches. Despite this diversity, fundamental challenges persist: clut-
tered and dynamic backgrounds, minimal contrast between targets and sea
surfaces, and weak discriminative features—especially at coarse GSDs.

Figure 1.2 illustrates spatial resolution impact on target detectability
through side-by-side comparison of the same maritime scene. The left panel
displays high-resolution imagery at GSD=0.5m, where a vessel exhibits
clear shape definition, visible wake patterns, and distinct edges. The
right panel shows corresponding low-resolution representation at GSD=5m,
obtained through 10x downsampling. A 25 mx5m patrol vessel—spanning
approximately 50x 10 pixels in high-resolution imagery—collapses to merely
5x1 pixels in low-resolution imagery. A red box highlights the vessel
location, with an enlarged inset revealing how dramatic resolution reduction
causes severe loss of shape information, edge definition, and discriminative
features, rendering vessels nearly indistinguishable from background clutter
and making automated detection extremely challenging.

To address these limitations, the literature explores multiple complemen-
tary strategies: multi-scale feature aggregation, high-resolution feature pyra-
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mids, contextual reasoning modules, optimized anchor configurations, and
learned super-resolution preprocessing [226, 231|. Super-Resolution (SR)
techniques have been extensively investigated as preprocessing steps to
enhance detail prior to detection, with studies reporting significant im-
provements for vehicles, aircraft, and maritime vessels when SR is applied
before OD [226, 38, 198|.

1.1.3 Onboard Processing for Time-Critical Applications

While DL techniques enable accurate automated detection of small
targets in satellite imagery, their operational value ultimately depends
on when and where processing occurs. In time-critical domains such as
intelligence, defense, and disaster response, the timeliness of information can
be as important as its accuracy. Many applications involve rapidly evolving
events that demand immediate analysis: flood and wildfire monitoring rely
on near-real-time imagery to support coordinated emergency response [53,
102]; urban surveillance benefits from prompt vehicle detection for traffic
management and evacuation planning [8]; and maritime monitoring depends
on fast ship detection to ensure safety and enforce maritime law [132]. In
these contexts, low-latency, high-confidence alerts enable authorities to
respond effectively, minimizing impact and potentially saving lives. Robust
vessel detection under adverse conditions exemplifies this need: coast guard
services and maritime agencies rely on timely alerts to coordinate search-
and-rescue operations and enhance overall maritime safety.

However, generating time-critical alerts from space-based observations
remains constrained when processing relies exclusively on ground infrastruc-
ture. The prevailing paradigm continues depending on ground-based image-
processing facilities, introducing significant end-to-end latency between
data acquisition and actionable intelligence delivery [55]. In traditional
EO processing chains, raw or minimally compressed sensor data must be
downlinked, archived, then reconstructed and analyzed through dedicated
ground pipelines [31]. This bandwidth-intensive approach is complicated
by frequent downlink of non-informative imagery. Clouds degrade large
shares of optical EO imagery: pervasive cloud cover affects roughly 60-70%
of acquisitions, leaving little actionable content [237|, wasting scarce down-
link bandwidth and consuming onboard storage without delivering usable
information.
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The fundamental bottleneck in ground-based EO architectures is com-
munication bandwidth rather than computational capacity. Ground pro-
cessing infrastructure can leverage elastic cloud computing and mature
software ecosystems, whereas downlink capacity and ground station access
windows remain severely constrained relative to sensor data generation
rates [194]. In Low Earth Orbit (LEO), spacecraft complete orbital periods
in approximately 90 minutes but maintain ground station contact for only
~10 minutes per pass, with typical visibility limited to four or five passes
daily [220]. Modern sensors can generate several gigabytes during imaging
sessions. Consequently, large data volumes accumulate onboard between
transmission opportunities, introducing delays compromising operational
intelligence value—particularly in time-sensitive applications.

To illustrate these constraints, consider Landsat-9 [131], launched
September 2021, acquiring multispectral optical data (VIS-NIR-SWIR
30 m spatial resolution with 15m panchromatic) and thermal infrared ob-
servations (dual Thermal Infrared (TIR) bands at 100 m native resolution).
Figure 1.3 illustrates the ground segment processing chain, encompassing
a multi-stage workflow: raw telemetry (Level-0 data) undergoes X-band
downlink to ground receiving stations, followed by radiometric calibration
converting instrument digital numbers to at-sensor radiance and top-of-
atmosphere reflectance using sensor-specific coefficients from pre-flight
characterization and on-orbit calibration [197, 49]. Geometric correction
processing uses ground control points and digital elevation models pro-
ducing orthorectified products with sub-pixel geodetic accuracy. Finally,
atmospheric correction algorithms apply radiative transfer modeling de-
riving surface reflectance products, yielding science-quality Level-1 and
Level-2 datasets [218]. While this comprehensive pipeline ensures data
quality and scientific rigor, it inherently introduces substantial temporal
delays between observation and product availability—often several hours
from acquisition to final delivery.

These bandwidth constraints are further exemplified by the FarthNext
mission, a CubeSat developed within the ALCOR program—an initiative
supported by Italian Space Agency (ASI) advancing innovative CubeSat
missions. EarthNext is designed for In-Orbit Demonstration (IOD) of
operating a CubeSat in Very Low Earth Orbit (VLEO). Operating at
such low altitude offers particular interest due to VLEO’s advantages:
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Figure 1.3. Landsat-9 ground processing pipeline

enhanced spatial resolution and radiometric performance for Earth observa-
tion, reduced revisit time, and possibility of using low-cost, volume-limited
platforms [105].

Within EarthNext, Techno Systems Developments S.r.l. (TSD-Space) is
responsible for camera electronics and the Focal Plane Assembly (FPA) of
the multispectral payload, with Officine Stellari leading optics design. The
FPA accommodates the CMV20000 detector, a Commercial-Off-The-Shelf
(COTS) Complementary Metal-Oxide-Semiconductor (CMOS) image sensor
by CMOSIS [106]. The multispectral imager implements a spatio-spectral
scanning acquisition mode: a filter array routes selected spectral wavelengths
to different regions (sub-stripes) of the 2D image sensor, comprising six
spectral bands fixed above the detector array. In this mode, each acquired
2D frame contains a full spatial-resolution image composed of several
spectral sub-stripes. Exploiting relative motion between satellite and
ground, with appropriate frame acquisition rate, the imager scans the
observed area producing full spatial-resolution images per spectral band,
forming the multi-spectral data cube. Figure 1.4 depicts this technique.
Each data cube amounts to approximately 166 Mbit.

At nominal altitude 320 km, the imager delivers products with GSD
approximately 3.9 m and swath width about 17km. Assuming 12 bit pixel
depth, each spectral cube has volume roughly 116.5 Gbit. An uninterrupted
8 min imaging session produces about 51.8 Gbit.

EO missions typically employ X-band for payload downlink [48]. Com-
mercial X-band transmitters offer data rates on the order of 100 Mbits™!
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Figure 1.4. Spatio-spectral scanning acquisition

to 300 Mbits~! [191]. For small satellites (e.g., CubeSats), additional
constraints arise from limited power budgets directly capping achievable
downlink throughput [193].

For the FarthNext mission scenario, we consider X-band transmitter
with nominal rate 150 Mbits~! and mean contact duration 4 min, yielding
per-pass downlink volume:

150 Mbits™! x 240s = 36 Gbit.

Consequently, even a short 8 min imaging session generating 51.8 Gbit
necessitates at least two ground-station passes for downlink, delaying
product availability to operational end users.

In contrast, onboard processing paradigms execute inference algorithms
directly in orbit on raw sensor data streams. When embedded Al models
identify operationally relevant events (e.g., vessel or vehicle detections), only
essential mission-critical metadata—geolocation coordinates, classification
labels, confidence scores—are transmitted as compact alert messages during
next ground contact. This event-driven downlink strategy simultaneously
reduces communication latency and bandwidth requirements, improving
intelligence timeliness in dynamic scenarios [52], as illustrated in Figure 1.5.
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Figure 1.5. Impact of onboard processing on latency reduction

The operational impact of these architectural differences becomes par-
ticularly evident in time-sensitive applications. Consider the maritime
domain awareness scenario depicted in Figure 1.6, which illustrates three
phases of the conventional EO pipeline: (a) data acquisition, where the
satellite images a suspicious vessel; (b) downlink and processing, where
sensor data transmit across successive ground contacts for analysis; and (c)
alert dissemination, where vessel position intelligence exhibits significant
staleness due to cumulative end-to-end delays (At ~ hours). This temporal
lag reduces intercept probability and compromises operational utility. A
vessel engaged in suspicious activities may have altered course or departed
the area entirely by the time actionable intelligence becomes available.

While this example illustrates traditional processing limitations for
time-critical operations, ground segment architectures remain well-suited
for non-time-critical applications—scientific research, climate modeling,
strategic monitoring—where analytical accuracy, cross-mission data fu-
sion, and methodological flexibility are primary requirements. However,
in time-sensitive operational domains (disaster response, defense opera-
tions), multi-hour delays compromise operational utility. User requirement
analyses identify a critical delivery threshold of <3 hours for actionable
intelligence products in such contexts [27]. This constraint underscores
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Figure 1.6. Ground-centric maritime alerting workflow

onboard processing importance, enabling near-real-time transmission of
compact, high-value information products, simultaneously reducing down-
link bandwidth requirements and operational response latency.

1.2 Autonomous In-Space Operations

Beyond onboard autonomy need to convert raw EO measurements
into mission-ready information, modern spacecraft require safe and re-
liable autonomy for deep-space exploration [62] and in-orbit operations
such as inspection and on-orbit servicing, generally involving proximity
operations like rendezvous, docking, and formation flying [149]. In these
regimes—characterized by limited ground-contact windows, variable com-
munication latency, and stringent safety constraints—the ability to perceive,
estimate, and act onboard (i.e., close the GNC loop at the edge) is essential
for timely decision-making, operational continuity, and fault tolerance.

Traditional spacecraft operations are sequence-driven: command se-
quences are generated on ground, uplinked, and executed by onboard
computers and flight software with largely linear, time-tagged control flow.
Uncertainty is handled conservatively—activities are time-buffered for worst-
case durations and safeguarded by basic health monitoring that may abort
execution rather than adapt—so maneuvers remain planned and supervised
from ground control rather than decided onboard. Control and monitoring
are performed by ground control through Telemetry (TM)/Telecommand
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(TC) links [222].

However, ground-in-the-loop sequencing can be too slow and brittle.
Communication delays or interruptions can compromise mission success,
particularly during proximity and terminal phases. During In-Orbit Ser-
vicing (IOS) operations, critical maneuvers such as inspection, approach,
and capture demand near-instantaneous sensing-estimation-control loops.
Communication delays inherent in ground-in-the-loop architectures ren-
der such control impractical, necessitating onboard autonomous decision-
making [164, 209].

This imperative for autonomy becomes even more pronounced in deep-
space missions, where communication latencies are orders of magnitude
larger. Planetary exploration represents a compelling case: Mars rover
operations face one-way communication delays up to 24 min, making real-
time teleoperation infeasible. Autonomy enables onboard terrain analysis,
route planning, and obstacle avoidance, allowing rovers to make time-critical
decisions without waiting for Earth-based instructions [21].

1.2.1 Autonomous Vision-Based Navigation

Addressing the operational requirements for autonomous spacecraft
operations demands advanced sensing and processing technologies. Among
these, vision-based navigation systems powered by DL have emerged as key
enablers, leveraging camera observations and neural network inference to
estimate spacecraft position and attitude during proximity or planetary
operations [205]. By complementing traditional sensors—such as Global
Navigation Satellite System (GNSS), Inertial Measurement Unit (IMU),
and star trackers—these systems enable autonomous guidance, navigation,
and control by providing continuous state estimates without ground inter-
vention [232].

Vision-based navigation can be categorized into absolute navigation—
which determines spacecraft position and attitude with respect to an inertial
reference frame—and relative navigation, which estimates these quantities
with respect to another spacecraft or known target. Within the latter
category, relative pose estimation plays a pivotal role: it retrieves the
position and orientation of a target spacecraft with respect to a chaser,
supporting mission-critical operations such as rendezvous, docking, and
formation flying [163]. Figure 1.7 illustrates this problem, where the
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objective is to estimate the target’s pose from two-dimensional image
measurements.

"dec

Figure 1.7. Camera—target relative pose geometry

For spacecraft constrained by mass, volume, and power budgets—such
as CubeSats and small satellites—monocular camera systems represent an
attractive solution. Compared with three-dimensional sensing modalities
such as stereo vision and Light Detection And Ranging (LiDAR), monocular
vision offers substantially lower power consumption while maintaining
effective navigation capabilities [33]. However, monocular pose estimation
becomes particularly challenging when dealing with uncooperative targets,
which lack visual markers or communication links required by conventional
navigation techniques. Recent advances in deep learning have addressed
these challenges, significantly improving robustness to adverse illumination,
reflections, and partial occlusions [103]. A comprehensive survey of deep-
learning-based pose estimation methods can be found in [168].

The development and validation of these algorithms rely on standardized
benchmarks, among which the SPEED dataset [103]—introduced through
the Satellite Pose Estimation Challenge—has become a reference in the field.
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The dataset comprises both synthetic and real imagery of the Tango space-
craft, acquired during the PRISMA formation-flying mission. PRISMA,
launched on 15 June 2010 by the Swedish Space Corporation (SSC), was
a technology demonstration mission consisting of two spacecraft—Mango
(chaser) and Tango (target)—designed to validate guidance, navigation,
and control strategies for autonomous rendezvous and formation flying.
TSD-Space contributed to PRISMA by developing a high-resolution, high-
frame-rate video system for acquiring sequences during in-orbit maneuvers
and Earth observation [32]. Figure 1.8 shows representative formation-
flying imagery captured by the onboard monitoring camera installed on the
Mango spacecraft.

Figure 1.8. PRISMA formation-flying imagery

1.3 Reliable Al in Space

Deploying DL algorithms onboard spacecraft presents fundamental
hardware challenges. Model complexity often demands significant power
consumption and extensive memory, constraining their use in space systems
with strict resource budgets [69]. Conventional space-grade processors, such
as PowerPC-FT and LEON cores, typically fall short of the performance
required for real-time image processing [125], particularly in Al-powered
tasks, as these classical onboard processors cannot cope with the increased
demands for high Input/Output (I/O) bandwidth and processing through-
put.

For ground applications, advances in Al have been driven by widespread
availability of high-performance Graphics Processing Units (GPUs). Unlike
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traditional Central Processing Units (CPUs) with complex control logic and
a small number of powerful cores optimized for sequential processing, GPUs
employ a fundamentally different architectural paradigm based on massive
parallelism [119]. Modern GPUs integrate thousands of simpler processing
cores organized in a Single Instruction, Multiple Thread (SIMT) execution
model, where each core operates on different data elements simultaneously.
This architecture, combined with high memory bandwidth and hierarchical
memory systems, makes GPUs exceptionally well-suited for the matrix
operations and tensor computations that dominate Deep Neural Network
(DNN) workloads [96]. As model complexity has grown from millions to
billions of parameters, successive GPU generations have provided increasing
computational throughput and memory capacity, enabling development of
progressively larger and more accurate DNNs. However, the high power
consumption and thermal demands of GPUs constrain their use in energy-
sensitive or Size, Weight, and Power (SWaP)-limited settings, including
embedded and spaceborne platforms |70].

Thermal management represents a critical constraint in such environ-
ments: for each watt dissipated by computing hardware, additional power
must be allocated to active cooling systems—a requirement particularly
challenging in spacecraft where radiative heat rejection is the only viable
mechanism, and in small platforms where passive thermal solutions have
limited capacity [235]. Consequently, low-power computing architectures
reduce both primary power consumption and secondary thermal control
requirements, directly addressing the stringent energy budgets of battery-
powered systems and the limited heat dissipation capabilities of compact
form factors.

To meet these constraints while enabling onboard Al capabilities, newer
power-efficient inference engines—such as embedded GPUs and Application-
Specific Integrated Circuit (ASIC)-based platforms (e.g., Intel’s Myriad 2
Vision Processing Unit (VPU) and Google’s Coral Tensor Processing
Unit (TPU))—have emerged, delivering low-power inference at the edge
with remarkable performance [67]. These commercial COTS devices offer
significant advantages in terms of cost-efficiency and ease of integration,
reducing overall mission development time and cost. Consequently, their de-
ployment onboard satellites has gained considerable traction in recent years,
particularly in LEO missions where moderate radiation levels permit the use
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of general-purpose hardware for experimental Al applications. European
Space Agency (ESA)’s PhiSat-1 mission represents a successful example,
deploying a Convolutional Neural Network (CNN)-based cloud-detection
algorithm on the Intel Movidius Myriad 2 accelerator |71]. However, COTS
devices are built with commercial silicon technology that does not meet
the stringent radiation-tolerant requirements of more demanding space
missions [176].

Safety-critical applications—including autonomous rendezvous and
docking, as well as sensitive Earth observation data extraction—require
exceptionally high reliability. These demanding requirements drive the need
for alternative architectural solutions to deploy Al models on spacecraft
while balancing computational performance with radiation tolerance and
operational robustness.

Field Programmable Gate Arrays (FPGAs) have long flight heritage in
space systems [227]. Today, space-grade devices, including radiation-hard-
ened and Radiation Tolerant (RT) processors, are commercially available
and qualified for operation in harsh environments, including long-duration
missions in Geostationary Earth Orbit (GEO) and beyond. Architecturally,
an FPGA integrates a reconfigurable fabric of configurable logic blocks,
embedded memories, Digital Signal Processor (DSP) slices, and high-speed
interconnect (e.g., multi-gigabit serial I/O), which can be tailored to imple-
ment application-specific datapaths. By customizing datapath and control
as dedicated circuits, many workloads can be executed more efficiently than
on general-purpose processors. In modern spacecraft, FPGAs commonly
serve as the computational core of Data Handling and Processing (DHP)
units, facilitating high-rate sensor acquisition, deterministic routing, on-
board preprocessing, and mass-memory interfacing. This flexibility also
enables the realization of custom accelerators—up to and including low-
latency AT inference—while meeting stringent SWaP, reliability, and radia-
tion-environment constraints.

1.4 Main Contributions

This thesis investigates the deployment of Al-based algorithms on
resource-constrained, radiation-tolerant hardware platforms to enable au-
tonomous spacecraft operations, addressing two critical application do-
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mains: onboard processing for time-critical Earth observation, focusing
on small-target detection in optical satellite imagery, and vision-based
relative navigation for proximity operations with uncooperative targets.
The central technical challenge is achieving real-time inference performance
under stringent power, memory, and radiation-tolerance constraints typical
of spaceborne systems. To address these requirements, the thesis examines
FPGA-based acceleration as a viable path toward reliable onboard Al,
with particular emphasis on the Microchip RT PolarFire family and the
CoreVectorBlox (CoreVBX) overlay accelerator.

The first major contribution presents SR-YOLOv)s, an object detec-
tion network integrating a lightweight, fully-convolutional Single-Image
Super-Resolution (SISR) backbone designed for deployment on embedded
platforms. The SR-Backbone—comprising 16,960 parameters—is perma-
nently integrated into the detection pipeline and jointly trained with the
detector to enhance fine-grained spatial detail extraction from low-resolution
inputs. To evaluate the proposed architecture under operationally relevant
conditions, two new datasets are introduced: LR-ShipRSImage, derived
from ShipRSImageNet [240] and containing over 13,200 ship instances in-
cluding 4,000+ very small vessels (< 7 x 7 pixels) and 9,200+ small vessels,
capturing diverse maritime conditions; and LR-CloudyTest, a synthetic
test subset with procedurally generated cloud masks simulating degraded
visibility scenarios. Experimental results demonstrate that SR-YOLOv5s
achieves mAP50 = 0.927 £+ 0.003 on low-resolution inputs, representing
an 8.54% relative improvement over baseline YOLOv5s, with particularly
pronounced gains for challenging object classes: +64.48% for very small
targets and +16.31% for small targets. Statistical validation through 5-fold
cross-validation and bootstrap resampling confirms significance (p < 0.001),
with generalization validated on the MASATI-ship subset achieving mAP50
= 0.751 versus 0.529 for the baseline.

To establish a practical path toward onboard deployment, SR-YOLOv5s
is implemented and benchmarked across three distinct computing platforms.
Deployment on the Microchip PolarFire SoC Video Kit via the VectorBlox
SDK and CoreVBX overlay accelerator enables inference at 18 fps with
2.46 W average power consumption, achieving an accuracy-to-power ratio
of mAP50/W = 0.366—the highest among evaluated platforms—while
maintaining mAP50 = 0.916 under INT8 quantization. Evaluation on the




1.4. Main CONTRIBUTIONS

19

NVIDIA Jetson Orin Nano across multiple precision formats (FP32, FP16,
INTS8) and power modes reveals energy-performance trade-offs, with 15 W
mode INTS8 achieving 16.0 ms latency and 104.2 mJ/frame but reduced ac-
curacy (mAP50 = 0.843). The NVIDIA A100 GPU serves as a cloud-based
reference, achieving lowest inference latency (7.3 ms) while maintaining
full-precision accuracy but consuming ~53 W and 384.2 mJ/frame. These
results establish that the PolarFire SoC implementation achieves the best
balance of accuracy, energy efficiency, and radiation tolerance for space-
borne applications, with the hardware design fully portable to the RT
PolarFire SoC for radiation-qualified deployment.

The second major contribution demonstrates onboard Al deployment
through the Autonomous Navigation up to High Earth Orbit (ANHEO)
system—a compact navigation unit developed by TSD-Space and funded by
ASI, currently at Technology Readiness Level (TRL)4. The system employs
vision-based relative navigation for proximity operations with uncooperative
targets, executing DL-based target detection and pose estimation algorithms
on an RT PolarFire FPGA-based hardware accelerator.

Deployment on ANHEO demonstrates the critical advantages of FPGA-
based acceleration for spaceborne Al. The initial implementation using
CoreVectorBlox v1 required hardware/software partitioning due to lim-
ited layer support, achieving 791.5 ms inference latency with 0.58 W
dynamic power (459 mJ/frame). Upgrading to CoreVectorBlox v2 via
bitstream reconfiguration—without any hardware modifications—enabled
fully hardware-accelerated inference, achieving 3.3x speedup (240.5 ms),
50% energy reduction (230.8 mJ/frame), and maintained accuracy (mAP50
= 0.962 vs. 0.972 FP32 reference). This upgrade validates the operational
value of in-flight reconfigurability, where RT PolarFire devices support up
to 500 reprogramming cycles for post-deployment functional improvements.

The main original contributions of this thesis are:

1. SR-YOLOvV5s architecture: A super-resolution-enhanced object
detector integrating a lightweight SR-Backbone (16,960 parameters)
optimized for FPGA deployment, achieving +64.48% improvement
for very small targets.

2. LR-ShipRSImage dataset: A novel dataset for small vessel de-
tection comprising 4,000+ very small ships (< 7 x 7 pixels) and




CHAPTER 1. INTRODUCTION

9,200+ small ships, enriched with synthetic cloud-masked imagery
(LR-CloudyTest) for robustness evaluation.

3. Multi-platform deployment framework: Comprehensive bench-
marking across PolarFire SoC (18 fps, 2.46 W, mAP50/W=0.366),
Jetson Orin Nano, and A100 GPU, establishing energy-accuracy-
throughput trade-offs for spaceborne Al.

4. ANHEO system integration: TRL4 demonstration of vision-based
relative navigation on a compact, reconfigurable platform (0.8 U, <10
W) integrating DL-based pose estimation for proximity operations.

5. In-flight FPGA reconfigurability validation: Demonstration
of CoreVectorBlox vl—v2 upgrade via bitstream reconfiguration
achieving 3.3x speedup and 50% energy reduction without hardware
changes, validating post-deployment adaptability for long-duration
missions.

These contributions collectively establish a viable path toward deploy-
ing reliable, energy-efficient Al systems on radiation-tolerant hardware
platforms for autonomous spacecraft operations.
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Edge Al

Early embedded intelligence architectures operated in a cloud-first
regime, wherein edge devices streamed raw sensor data to remote servers for
centralized inference. Edge computing decentralizes computational work-
loads from remote data centers to the point of data acquisition. When
coupled with artificial intelligence, it enables on-device inference and au-
tonomous decision-making directly on sensors and embedded systems,
removing the need for continuous cloud interaction.

In this paradigm, Edge AI refers to the deployment of perception, pre-
diction, and control functionalities at the network periphery, where sensory
signals originate [196]. Transitioning from cloud-centric to edge-native exe-
cution addresses fundamental limitations inherent to server-based architec-
tures: propagation latency and temporal variability, bandwidth saturation
and associated transmission costs—particularly for high-resolution video
streams—privacy vulnerabilities and data-sovereignty concerns, reliance on
uninterrupted connectivity, and computational scalability constraints [68].

The cloud infrastructure remains essential for computationally intensive
tasks—model training, fleet orchestration, Over-The-Air (OTA) updates,
and latency-tolerant analytics—that benefit from unconstrained compute
resources unavailable at the edge due to stringent power, thermal, and
form-factor limitations [169].

As illustrated in Figure 2.1, the cloud-first pipeline requires transmitting
large volumes of raw data to the cloud, incurring bandwidth pressure and
multi-pass latency before analysis can begin. By contrast, edge/onboard
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Cloud Al

Figure 2.1. Difference between Cloud Al and Edge Al

Al executes inference directly at the source: compact neural networks
and specialized accelerators perform real-time inference locally and upload
compact, event-driven metadata (e.g., geotagged detections and confidence
scores), thereby reducing bandwidth, lowering time-to-alert, and improving
resilience to intermittent links.

This evolution rests on three foundational pillars: (i) specialized hard-
ware architectures featuring massive parallelism—processing element arrays,
multiply-accumulate units, systolic datapaths, and hierarchical memory
subsystems with optimized data movement patterns; (ii) neural network
compression methodologies—structured pruning, low-precision quantization
to INT8/INT4 representations, and knowledge distillation; and (iii) device-
specific compiler toolchains and runtime optimizations [110].

In recent years, edge devices incorporating dedicated artificial intelli-
gence accelerators have proliferated, primarily targeting the efficient execu-
tion of neural network inference workloads. They are typically implemented
as System-on-Chip (SoC) or System-on-Module (SoM) architectures [143].
A SoC integrates an entire computational system—CPU, memory con-
trollers, GPU or specialized accelerators (e.g. ASIC) as well as FPGA,
input and output interfaces, and communication peripherals (Ethernet,
Wi-Fi, USB)—onto a single silicon die, minimizing physical footprint, re-
ducing unit cost, and improving power efficiency through tight integration
and optimized data paths. The operating system is stored in non-volatile
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memory (e.g., flash or eMMC) and loaded into RAM at boot time, rather
than being permanently embedded in the silicon die [202]. Within SoC ar-
chitectures, Al acceleration engines are typically implemented as dedicated
coprocessors that offload vector and tensor computations from the host
CPU, enabling efficient execution of machine learning workloads—from clas-
sical algorithms to deep neural network inference [114]. These coprocessors
operate in tandem with the primary processor, which manages system-level
tasks, I/O coordination, and control flow, while the AI coprocessor handles
compute-intensive parallel operations on mathematical kernels.

A SoM extends this concept by packaging a SoC alongside essential
support components—DRAM, flash storage, power management 1Cs, and
clock generators—onto a compact, standardized module with well-defined
electrical and mechanical interfaces. This modular approach enables rapid
prototyping and system integration by abstracting low-level hardware
complexity, providing a complete computing subsystem that can be directly
integrated into carrier boards tailored to specific applications [202]. SoCs
and SoMs are widely deployed across mobile devices, embedded systems,
and Internet of Things (IoT) platforms.

Edge Al accelerators can be classified according to their underlying
computational architecture:

1. ASICs: Custom silicon optimized for neural network operations
delivers maximum computational efficiency and minimal unit cost
among acceleration paradigms. However, ASICs incur substantial
non-recurring engineering expenses and extended development cycles.
Their architecture is fundamentally optimized for specific layer types
and computational workflows, rendering them inflexible for unsup-
ported operations. Post-fabrication immutability constrains their
ability to accommodate emerging network architectures or novel layer
primitives, thereby limiting adaptability to evolving model topologies
and algorithmic innovations [129]. Google’s Edge TPUs or Intel’s
Movidius Myriad VPUs exemplifie domain-specific ASIC design.

2. FPGAs: Provide hardware-level implementation of neural network
operations through reconfigurable logic synthesis, enabling post-
deployment adaptation to evolving algorithmic requirements. This ar-
chitectural approach achieves a favorable power-to-performance ratio
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compared to general-purpose processors such as GPUs, though at the
cost of reduced programming flexibility [110]. While ASICs deliver su-
perior energy efficiency and throughput for fixed workloads—making
them optimal for energy-constrained, high-volume applications—they
lack the algorithmic reconfigurability that FPGAs inherently pro-
vide. This reconfigurability allows FPGAs to accommodate network
architecture updates and in-flight algorithm modifications without
hardware replacement, a capability particularly valuable in space mis-
sions where post-launch adaptability is essential. FPGAs typically
employ fixed-point arithmetic for neural network inference, necessi-
tating model quantization. This constraint, however, enables efficient
deployment of very deep Neural Networks (NNs) with high power
efficiency and minimal accuracy degradation [54]. Representative
platforms include Microchip’s PolarFire CoreVectorBlox and AMD
Xilinx’s Zynq Deep Learning Processing Unit (DPU) series [10].

3. Embedded GPUs: Are compact, power-efficient versions of dat-
acenter GPUs, designed for resource-constrained platforms. Their
optimized GPU cores deliver high performance per watt, while es-
tablished frameworks such as CUDA[156] and cuDNN[157| provide
mature technology, low cost, and wide software compatibility for
rapid DNN development [143]. Embedded GPUs generally achieve
higher throughput than FPGAs, making them well-suited for compute-
intensive inference workloads. The NVIDIA Jetson series exemplifies
this category [158].

Table 2.1 summarizes the architectural trade-offs among these accelera-
tion paradigms. ASICs offer the highest computational performance and
lowest power consumption but sacrifice versatility and impose long develop-
ment cycles. GPUs provide high programmability and rapid development at
the cost of increased power consumption. FPGAs occupy an intermediate
position, balancing reconfigurability with power efficiency, though requiring
specialized design expertise. The selection of an appropriate accelerator
architecture depends on application-specific constraints—mission adaptabil-
ity requirements, power budgets, development timelines, and the expected
evolution of deployed algorithms over the operational lifetime.

The following subsections provide high-level architectural overviews of
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Table 2.1. Embedded AI chip classification [110]

Al chip Versatility Performance Power consumption Cost  Development cycle

GPU High Middle Higher Middle Short
FPGA Middle High Low Low Middle
ASIC Low Highest Low Lowest Long

edge Al platforms, focusing on Intel Movidius Myriad X VPUs, Google
Coral TPUs, NVIDIA Jetson embedded GPUs, and FPGAs/SoCs. For
FPGA-based implementations, the discussion encompasses synthesizable
hardware designs, overlay-based architectures, and dataflow acceleration
approaches, covering both flash-based technologies—exemplified by Mi-
crochip’s PolarFire FPGA and SoC—and SRAM-based platforms such as
AMD Xilinx Zynq UltraScale+ MPSoC .

2.1 Embedded GPU - NVIDIA Jetson Orin Nano

The NVIDIA Jetson family exemplifies the embedded GPU category
discussed previously, offering a range of SoM platforms that balance com-
putational throughput and power efficiency for edge Al applications. The
portfolio spans from ultra-low-power modules for battery-operated devices
to high-performance variants executing multiple concurrent DNN workloads
in autonomous systems and industrial automation. The Jetson Orin series
comprises three distinct subfamilies, each targeting specific performance
and power envelopes: AGX Orin delivers maximum computational capabil-
ities for demanding applications; NX Orin provides balanced performance
for mid-range deployments; and Orin Nano prioritizes energy efficiency
for power-constrained scenarios. Each module combines an ARM CPU
for system management, an Ampere GPU with CUDA and Tensor cores
for parallel processing, and optionally dedicated Deep Learning Accelera-
tor (DLA) for energy-efficient inference. Notably, the Orin Nano subfamily
lacks DLA cores and depends entirely on its CPU-GPU architecture for
neural network execution. Table 2.2 summarizes the architectural specifica-
tions and performance characteristics across the Orin family.

This work focuses on the Jetson Orin Nano SoM (Figure 2.2), which pro-
vides a representative example of embedded GPU architecture for resource-
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Table 2.2. Jetson Orin module comparison [15]

Jetson Orin Nano NX AGX
module 4GB 8GB 8GB 16GB 32GB 64GB
CPU cores 6 6 6 8 8 12

CUDA cores 512 1024 1024 1024 1792 2048
Tensor cores 16 32 32 32 56 64
DLA cores — — 1 2 2 2
TOPS 20 40 70 100 200 275
Power (W) 5-10 7-15 10-20 10-25 15-40 15-60

Figure 2.2. NVIDIA Jetson Orin Nano SOM.

constrained applications.

The module integrates a heterogeneous SoC combining a 6-core ARM
Cortex-A78AE CPU for general-purpose computing with an NVIDIA Am-
pere GPU architecture optimized for Al acceleration. The GPU subsystem
comprises eight Streaming Multiprocessorss (SMs), each containing 128
Compute Unified Device Architecture (CUDA) cores and 4 Tensor Cores,
yielding a total of 1024 CUDA cores and 32 Tensor Cores across the de-
vice. This configuration enables acceleration of computationally intensive
tasks including OD, natural language processing, and robotic perception
algorithms. For experimental benchmarking throughout this work, the
8 GB LPDDRb5 memory variant is adopted, operating in two configurable
power modes—15 W and 7 W—with peak performance reaching 40 Tera
Operations Per Second (TOPS).

The GPU memory hierarchy comprises multiple levels: global memory
and L2 cache are shared across all SMs, while each SM maintains a private
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Figure 2.3. Jetson Orin Nano block diagram

L1 cache. Additionally, threads within a block communicate through shared
memory, enabling efficient data exchange during parallel computations. The
computational fabric integrates two complementary processing elements.
CUDA cores function as general-purpose units executing floating-point and
integer operations concurrently, supporting diverse workloads spanning
graphics rendering, scientific computing, and machine learning inference.
Tensor Cores operate as specialized matrix multiplication engines, accelerat-
ing the matrix-multiply-accumulate operations that dominate deep neural
network training and inference workloads [1]. By executing in parallel with
CUDA cores, Tensor Cores substantially increase throughput for Al-specific
computations. Figure 2.3 illustrates the architectural organization.

For experimental deployment, the Jetson Orin Nano Developer Kit |154]
is adopted as the representative edge Al platform. The kit integrates the
Jetson Orin Nano SoM with a carrier board exposing PCle, USB 3.2,
HDMI, and other I/O interfaces, enabling straightforward integration of
sensors and peripherals. The platform is supported by NVIDIA’s JetPack
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SDK [155], providing a comprehensive toolchain (CUDA, cuDNN, Ten-
sorRT) and first-class support for popular Al frameworks such as PyTorch
and TensorFlow [159].

2.2 Intel Movidius Myriad X

The Intel Movidius Myriad family comprises multicore SoCs specifically
designed for mobile, wearable, and embedded platforms requiring computa-
tional imaging and visual perception capabilities. The VPU architecture
combines extensive parallelism, a specialized instruction set, and targeted
microarchitectural optimizations to deliver exceptional performance-per-
watt across a wide range of imaging and computer vision workloads, includ-
ing latency-critical applications with millisecond-level requirements [20].
The product family encompasses Myriad, Myriad 2, and the latest gener-
ation Myriad X, all positioned as dedicated VPUs for efficient computer
vision processing [110].

Intel provides the OpenVINO Toolkit [47], an open-source software plat-
form designed to optimize machine learning models and accelerate inference
across various Intel hardware platforms, including Movidius Myriad engines.
OpenVINO (Open Visual Inference and Neural Network Optimization) con-
verts NN models trained in cloud environments using popular frameworks
such as PyTorch, TensorFlow, or ONNX into the OpenVINO Intermediate
Representations (IR) format, enabling deployment at the edge. The toolkit
achieves significant model size reduction through layer fusion strategies that
streamline the computational graph while applying weight and activation
function precision optimization techniques.

Figure 2.4 provides a high-level overview of the internal architecture.
These devices are heterogeneous SoCs integrating two general-purpose
LEON4 processors implementing the 32-bit RISC SPARCvS8 architecture,
which manage /O peripherals and control media interfaces respectively.
The primary processing cores are the Streaming Hybrid Architecture Vector
Enginess (SHAVEs)—128-bit Very Long Instruction Word (VLIW) pro-
cessors supporting Single Instruction Multiple Data (SIMD) instructions
on multiple data streams—which operate under high-level control from
the LEON processors. Low-power processing accelerators complement this
computational fabric, including the Streaming Image Processing Pipeline
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filter and the dedicated Neural Compute Engine [46].
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Figure 2.4. Myriad X VPU architecture

The Myriad X chip is manufactured using a 16 nm FinFET process
and operates at 700 MHz [171, 110], providing 512 MB LPDDR4 DRAM
and 2.5 MB Connection Matrix (CMX) memory. The CMX serves as
scratchpad memory for the SHAVESs, with each core having preferential
access to a dedicated memory slice. The device supports mixed-precision
arithmetic with native FP16 support and fixed-point 16-bit representations,
enabling developers to balance accuracy and performance requirements [112].
Overall, the platform delivers total performance exceeding 4 TOPS, with
the Neural Compute Engine alone achieving over 1 TOPS for dedicated
neural network inference workloads [46].

The Intel Movidius Neural Compute Stick 2 (NCS 2) (Figure 2.5) is a
deep learning inference development kit based on the Myriad X, provided
in an economical USB form factor that directly connects to PC or embed-
ded device USB interfaces, augmenting host systems with neural network
acceleration capabilities. The device features low power consumption and
can be integrated into various embedded platforms capable of supplying
USB power, including security cameras, autonomous drones, and industrial
machine vision equipment. This convenient form factor facilitates rapid
prototyping and deployment of advanced computer vision intelligence across
diverse edge devices. The platform is programmable through the Myriad
Development Kit (MDK), which provides comprehensive development tools,
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frameworks, and APIs for implementing custom vision, imaging, and deep
neural network workloads [46].

Figure 2.5. Intel Neural Compute Stick 2

2.3 Google Coral Edge TPU

In 2016, Google introduced the first generation of TPUs [110], dedicated
processors designed for training complex deep learning algorithms in cloud
environments, optimized to accelerate data processing by parallelizing
operations similarly to GPUs. A single Cloud TPU V3 delivers 90 Tera
Floating-Point Operations per Second (TFLOPS) with 32 GB of high-
bandwidth memory [110]. However, the high power consumption of cloud
TPUs limited their applicability for edge deployment.

To address this limitation, Google introduced the Edge TPU in 2019
[228], a low-power machine learning accelerator coprocessor specifically
designed for edge devices. Built on a systolic array architecture enabling
highly efficient matrix multiplication at massive scale, the device constrains
all operations to 8-bit integer arithmetic, significantly increasing both
performance and energy efficiency [83]. The platform performs 4 TOPS
while consuming only 2 W, achieving an efficiency of 2 TOPS per watt [74].

Google offers the Edge TPU through various hardware form factors
under the Coral brand [202]. The Coral Accelerator Module is a solderable
component containing the Edge TPU chip, available with different connec-
tors including the Coral USB Accelerator (Figure 2.6) and the Coral Mini
PCle Accelerator. For development and prototyping, Google provides the
Coral Dev Board and Coral Dev Board Mini, which serve as host platforms
for running and testing machine learning models.
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Figure 2.6. Google Coral USB Accelerator

Unlike NVIDIA and Intel edge platforms, the Edge TPU is limited to
running models based on the TensorFlow ecosystem. Executing models
requires the TensorFlow Lite framework in conjunction with specialized
compilation tools. The Edge TPU Compiler, a standalone tool provided
separately from the TensorFlow Lite library, translates models by map-
ping each operator to a corresponding hardware-optimized operation on
the device [116]. When an operator is incompatible with the TPU, it is
automatically remapped to execute on the CPU instead. This implemen-
tation leverages the TensorFlow Lite delegate infrastructure to partition
the computational graph, routing compatible operations to the TPU while
offloading unsupported operations to the host processor [196].

2.4 FPGA-based Acceleration

As introduced in Chapter 1, FPGAs are reconfigurable integrated cir-
cuits built upon a programmable fabric of Configurable Logic Blocks (CLBs),
Look Up Tabless (LUTSs), flip-flops, and specialized resources including
DSPs and BRAM. Configuration bitstreams define the logical behavior
and signal routing, enabling the implementation of application-specific
datapaths. While this architectural flexibility has established FPGAs as
reliable computational cores for spaceborne systems, their application to Al
acceleration presents distinct challenges compared to GPU-based platforms.

GPUs natively support full-precision floating-point arithmetic, whereas
FPGAs are inherently optimized for fixed-point and integer operations,
where they achieve significantly higher throughput and energy efficiency.
Floating-point computations on FPGAs, by contrast, incur substantial
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resource overhead and performance penalties, making full-precision NN
implementations impractical for most deployment scenarios.

Consequently, a principal optimization technique for FPGA-based deep
learning deployment involves quantization, whereby the numerical preci-
sion of both network weights and activation functions is systematically
reduced from floating-point to fixed-point or integer representations. This
approach confers a dual advantage: diminished computational complexity
alongside reduced on-chip memory footprint [94]. Extensive research has
demonstrated that quantized models can achieve inference accuracy com-
parable to their full-precision counterparts without significant performance
degradation [94, 54, 51, 86].

To accelerate CNN inference, FPGAs exploit the intrinsic parallelism
of DNN architectures by instantiating multiple Processing Elements (PEs)
within the processing fabric. Operating concurrently, these PEs increase
effective throughput by distributing the computational load across the
array. Each PE integrates Multiply-Accumulate (MAC) units and dedi-
cated local accumulation Random Access Memory (RAM), expediting the
core operations of convolutional layers. This parallelism enables simulta-
neous execution of independent operations across output channels, spatial
positions, and—when resources permit—multiple input samples or data
tiles. Figure 2.7 illustrates a basic neuron implementation supporting these
parallel execution modes.
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Figure 2.7. MAC operation and partial-sum update in a neuron

In convolutional layers, the dominant workload consists of repeated
multiply-accumulate operations between activations and weights, followed
by accumulation of partial sums. In practice, performance and energy
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efficiency are often bounded not only by arithmetic throughput but also
by data movement: a single MAC typically entails multiple memory trans-
actions—two reads (activation and weight) plus a read-modify-write of
the running partial sum (effectively one read and one write)—so memory
hierarchy design and on-chip buffering are critical to sustain high utilization
of the PEs.

2.4.1 Deployment Strategies

Deployment strategies for NN models on FPGA platforms vary con-
siderably depending on model complexity and resource constraints. For
lightweight architectures, fully on-chip dataflow implementations—wherein
each network layer is mapped to a dedicated processing core with its own
on-chip memory—can obviate off-chip memory transactions, thereby sub-
stantially reducing power consumption while enhancing inference through-
put [58, 59]. In this paradigm, computational operations flow continuously
through a spatial pipeline of layer-specific cores, with intermediate activa-
tions stored in local buffers rather than external memory, as illustrated in
Figure 2.8.

However, dataflow architectures become increasingly constrained when
targeting larger network topologies. Since each layer requires dedicated logic
and memory resources instantiated on the FPGA fabric, even moderately-
sized DNN models frequently exceed the available capacity, particularly for
deeper and more sophisticated architectures [79]. The inherent limitations
in logic fabric and Block RAM capacity fundamentally restrict which
CNN architectures can be successfully realized using this implementation
paradigm. Consequently, while dataflow implementations demonstrate
superior performance in terms of speed and energy efficiency for models
that fit on-chip, their applicability remains limited to compact network
topologies.

Different automated toolchains are available today. Frameworks such
as hls4ml [66] and FINN [9] map each NN layer to dedicated processing
elements, automatically performing the translation of pre-trained net-
works—specified by the model’s architecture, weights, and biases—into
hardware acceleration specifications that can be synthesized using High-
Level Synthesis (HLS) tools.

For larger neural networks, overlay architectures with external memory
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Figure 2.8. Dataflow architecture for on-chip FPGA deployment

are employed, as depicted in Figures 2.9 and 2.10. In this paradigm,
designs frequently adopt external memory to store model parameters and
intermediate computations. Overlay architectures leverage arrays of PEs to
execute the operations required by common NN layers. During inference,
model weights and biases are stored in off-chip non-volatile memory and
loaded into an on-chip weight buffer as needed. Input and output data
for the PE array are similarly cached in dedicated on-chip memory buffers.
A main controller coordinates the activities of the PEs, managing data
flow across the buffers and executing layer-specific instructions to optimize
inference efficiency. By multiplexing various operations across layers, this
architecture enables the deployment of deeper models on FPGA-based
platforms [165].

The principal advantage of employing an overlay-based approach lies
in the capability to utilize a single accelerator core for executing diverse
neural network models without depth constraints, achieved through the
multiplexing of inference operations. Such architectures provide substantial
flexibility, enabling the execution of different models without necessitat-
ing modifications to the underlying design, thereby significantly reducing
reconfiguration overhead and development time. The primary limitation
pertains to the compatibility between the operations required by individual
network layers and those natively supported and accelerated by the selected
core.

Several FPGA vendors currently offer open-source Intellectual Property
(IP) cores specifically designed for neural network acceleration, which are
readily deployable and provide immediate access to optimized inference
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capabilities. These pre-designed accelerators offer a compelling alternative
to custom-built solutions, delivering both enhanced flexibility and reduced
development costs while maintaining competitive performance for a broad
range of CNN architectures. This combination of design reusability and
vendor-supported IP cores renders overlay-based accelerators particularly
attractive for applications requiring support for multiple NN models or
frequent model updates in deployed systems.

Two representative examples of this approach are CoreVBX [142] and
the DPU [10], provided by Microchip and AMD Xilinx, respectively. These
computing units are typically not stand-alone IP cores, but rather co-
processors controlled by a main processor. This can be either a soft-core
processor synthesized into the programmable logic (e.g., soft RISC-V on
Microchip PolarFire FPGAs) or a hard-core processor embedded within
the SoC, as in the case of PolarFire SoC or AMD Xilinx Zynq UltraScale+
MPSoC.

However, the enhanced flexibility of the overlay approach, which en-
ables general-purpose Al acceleration for diverse neural network models, is
achieved at the cost of increased power consumption and higher inference
latency compared to application-specific accelerators developed through
custom dataflow architectures. This represents a fundamental trade-off:
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overlay architectures prioritize versatility and ease of deployment, while
dataflow implementations are optimized for maximum performance and
energy efficiency for specific network topologies.

The FINN framework, developed by Xilinx Research Labs, facilitates
the exploration of Quantized Neural Network (QNN) inference on Xil-
inx FPGAs through dataflow-style architectures. Beyond generating fully
pipelined dataflow accelerators, FINN also supports the creation of hybrid
custom accelerators capable of executing deeper neural networks through a
time-multiplexed approach. These hybrid implementations leverage off-chip
memory resources and dedicated hardware modules for operation multiplex-
ing, enabling FINN to scale to larger networks while balancing performance,
resource utilization, and energy efficiency. In [79], a comparative study
of FINN and the DPU on Zynq UltraScale+ MPSoC reveals that the
FINN-based accelerator significantly outperforms the DPU implementation
despite utilizing time-multiplexing, achieving 8.4x lower latency, 3.0x
higher throughput, and 3.3x better power efficiency.

2.4.2 Network Optimization Techniques

The efficient deployment of deep neural networks on FPGA platforms
demands advanced optimization strategies to address constraints in memory,
computational resources, and power consumption. Among the most effective
techniques are quantization and pruning, which act synergistically to reduce
model complexity while preserving acceptable levels of accuracy.

Quantization converts floating-point representations into lower-precision
formats, typically fixed-point integers, thereby reducing memory usage and
computational cost. A comprehensive survey presented in [17] identifies
two principal quantization strategies: [linear quantization, which maps
floating-point values to the nearest fixed-point representation, and dynamic
quantization [115], which employs lookup tables and adaptive scaling to
encode values more efficiently. In the dynamic approach, each layer is
assigned a specific bit width that reflects the limited and heterogeneous
dynamic range of its parameters [51, 54]. To mitigate the loss in accuracy
introduced by reduced precision, a calibration phase is performed using a
representative subset of the training data, enabling fine-tuning of the scale
factors for optimal alignment with the INT8 value range [166].

In contrast, pruning systematically discards less-informative elements




2.4. FPGA-BASED ACCELERATION

37

of a trained network—spanning single weights, entire filters, and occasion-
ally whole layers—thereby reducing model complexity, as illustrated in
Figure 2.11 [39]. The rationale is that over-parameterized models often con-
tain redundancies that can be eliminated without compromising predictive
accuracy. Pruning strategies are typically divided into unstructured prun-
ing—where isolated weights are removed—and structured pruning, which
targets higher-level structures like channels or filters. The standard prun-
ing workflow involves training a baseline model, ranking and eliminating
low-importance components based on criteria such as weight magnitude or
sensitivity, and then fine-tuning the pruned model to recover lost accuracy.

Before Pruning After Pruning
Figure 2.11. Neural network pruning illustration

Applied jointly, these methods sustain real-time inference in resource-
limited settings (e.g., satellite-borne EO payloads) by compressing models
with minimal accuracy impact, thereby lowering latency and energy and
enabling embedded deployment.

2.4.3 Microchip CoreVectorBlox

The CoreVBX [138] is a memory-mapped core featuring an overlay
architecture, designed to support diverse NNs without necessitating the
reconfiguration of programmable logic resources [51]|. Currently, Microchip
has provided two different releases of this IP core: CoreVBX version 1 and
the latest version 2. We primarily focus on the first release. Chapter 5
provides the main differences between these two releases, highlighting one
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of the principal advantages of using FPGAs: reconfigurability.

As shown in Table 2.3, the CoreVBX is available in three configurations
— V250, V500, and V1000 — offering progressively higher performance; the
V1000 provides the greatest parallelism and fastest inference, at the cost of
increased logic-resource usage and power consumption.

Table 2.3. CoreVectorBlox configurations [138]

Configuration Resource Utilization Performance Peak GOPS
LUT4 DFF M GRAM LSRAM Deviee  LUT4%  (MHz)
Blocks
V250 27244 27197 90 177 47 MPF100T-1 25% 154 79
V500 46622 48546 176 315 84 MPF100T-1 43% 143 146
V1000 61847 69824 304 539 148 MPF200T-1 32% 136 279

The internal architecture of CoreVBX, depicted in Figure 2.12, centers
on a specialized Matrix Processor (MXP) optimized for high-throughput
matrix and vector kernels, thereby accelerating computations across diverse
neural network layers. A two-dimensional array of PEs further parallelizes
convolutional workloads, yielding performance that surpasses MXP-only
configurations [51].
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Figure 2.12. CoreVectorBlox’s Internal Architecture [138]

The CoreVBX operates as a co-processor capable of sequentially ex-
ecuting highly optimized instructions, known as network Binary Large
Objectss (BLOBs), tailored to neural network inference tasks. They can
be compiled by the user via the Microchip CoreVectorBloxr SDK. Each in-
struction, representing a layer within the Al model, containing information
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about the specific layer types in the network as well as weights and buffer
space for activations. Fach network has its own BLOB; multiple BLOBs
can be present in memory at the same time and each time the CoreVBX
is started, it can target a different BLOB. A soft RISC-V microcontroller,
embedded within its architecture, manages read/write operations to control
registers, decodes network-specific BLOBs, and coordinates instruction
flow to both the vector processor and CNN accelerator, ensuring efficient
processing of each NN layer. The core caches instructions and data to
reduce traffic on the memory interface, optimizing performance. It uses
an internal scratchpad as working memory and a variable-width Direct
Memory Access (DMA) controller for transferring data between the scratch-
pad and external memory. Table 2.4 provides inference speed performance,
in terms of CNN throughput and Frame Per Second (FPS), evaluating
ResNet-50 inference with varying array PE sizes and scratchpad memory
configurations.

Table 2.4. Processor size configuration details

Size Vector Vector CNN Accelerator Peak CNN  ResNet-50
Configuration Processor Width ~Scratchpad Array Size Throughput Performance
V250 128-bit 64 kB 16x16 79 GOPs 4.2 FPS
V500 256-bit 128 kB 16x32 146 GOPs 7.8 FPS
V1000 256-bit 256 kB 32x32 279 GOPs 13.6 FPS

Microchip provides a pre-compiled firmware BLOB, common to all core
configurations, which contains the routines for network BLOB parsing and
data memory management. During boot-up, this firmware is loaded into
the working memory, from which it is executed.

The CoreVBX can be deployed within the Programmable Logic (PL)
of PolarFire FPGA and SoC devices, where it operates in tandem with
either a soft or hard RISC-V CPU core. This configuration enables the
CPU to manage critical functions, such as handling interrupts generated
by the CoreVBX and facilitating data transfers between the CoreVBX and
peripheral devices, ensuring seamless integration within complex processing
environments. The IP uses the Advanced eXtensible Interface (AXI) [23]
bus to exchange data with external memory via AXI4, and state control
via AXI4-Lite to external logic (e.g., RISC-V soft processor) or with the




40

CHAPTER 2. Ebpce Al

Processing Systems (PS) (i.e., RISC-V hard processor). A configurable-
width (64-bit to 256-bit) AXI4 memory master enables efficient data access,
facilitating the transfer of data and control signals between PL and PS,
thereby accelerating inference.

Microchip CoreVectorBlox SDK

The Microchip VectorBlox Software Development Kit [139] provides a
robust toolset designed to convert neural networks, originally developed in
frameworks such as TensorFlow or PyTorch, into a BLOB. As illustrated
in Figure 2.13, the compilation flow involves several key stages to transform
a model into a format compatible with the CoreVBX hardware.

¢ VectorBloX SDK
-p .onnx S .vanx
Pytorch OpenVino VBX
- ONNX q
Trained Conversion Model Quantizer BLOB
Model Optimizer (8bit)

.xml
.bin

Figure 2.13. VectorBlox SDK flow

——

To demonstrate this process, SR-YOLOvbs—a novel object detector
model for satellite imagery thoroughly described in Chapter 4—is compiled
and deployed on the platform. The model, initially defined in PyTorch,
must first be converted to the Open Neural Network Exchange (ONNX)
format, as required by the toolchain. Release 1 is based on the OpenVINO
framework. The optimizer converts the model into an IR, removing training-
specific layers—such as batch normalization and dropout—to prepare the
network for inference.

Subsequently, a dynamic Fixed-Point (FXP) quantization technique
is applied [115], enabling a more memory-efficient representation with-
out incurring significant degradation in model accuracy [51, 54]. To map
floating-point (FP32) values to the INTS format, a scaling factor is intro-
duced to align the tensor’s dynamic range with the representable integer
range of [—128,127]. This is followed by a calibration step using a rep-
resentative subset of the data, which fine-tunes the scale parameters to
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preserve the model’s predictive performance under reduced precision con-
straints [166].

It is important to note that the toolchain does not currently support
optimization techniques such as pruning within its compilation flow. Fur-
thermore, execution on the CoreVBX IP core strictly requires INT8 quanti-
zation, as the hardware lacks support for floating-point or higher-bitwidth
inference. Once quantized, the model is compiled and the corresponding
BLOB is generated for deployment on the target hardware.

Microchip PolarFire SoC Video Kit

The PolarFire FPGA [91] is Microchip’s mid-range, non-volatile FPGA
family built on a 28 nm flash process, delivering industry-leading power
efficiency—up to 50% lower total power than competing devices and approx-
imately one-tenth the static power. The architecture integrates low-power
12.7 Gb/s SerDes, hardened PCle, DDR physical layers, and security /crypto
subsystems, targeting bandwidth- and power-constrained applications re-
quiring secure /O and modest transceiver rates at significantly reduced
thermal budgets. The family spans densities from approximately 50k to
500k Logic Element (LE) (i.e., the basic programmable logic unit, typically
a 4-input LUT (LUT4) plus a flip-flop). Figure 2.14 illustrates the main
architectural blocks.

The PolarFire SoC [92] combines the low-power FPGA fabric with a
hardened five-core 64-bit RISC-V processor subsystem—four Linux-capable
application cores plus one monitor /real-time core—connected via coherent
interconnect and deterministic L2 memory subsystem. This heterogeneous
architecture enables mixed Linux and real-time workloads under tight power
and thermal constraints. The platform offers mid-range logic densities
(up to 460 kLE), defense-grade security with secure boot capabilities,
integrated DDR/LPDDR controllers and PHYs, PCle Gen2 endpoints/root
ports, and low-power multi-gigabit SerDes. As shown in Figure 2.15, the
architecture features dedicated DSP blocks and embedded SRAMs within
the FPGA fabric, while Single-Event Upset (SEU)-tolerant configuration
enhances robustness for embedded and edge applications. As discussed in
Chapter 3, flash-based technology offers greater radiation tolerance than
Static Random Access Memory (SRAM)-based alternatives [51], thereby
improving resilience to configuration upsets.
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In this dissertation, different CNNs are deployed on the PolarFire device
to assess CoreVBX performance capabilities. For experimental evaluation,
we adopt the Microchip PolarFire SoC Video Kit (93] (Figure 2.16), a
development board designed for embedded vision applications integrating
the MPFS460T PolarFire FPGA fabric.

Figure 2.16. Microchip PolarFire SoC Video Kit

2.4.4 AMD Xilinx DPU

The AMD Xilinx DPUs [10] are programmable engines optimized for
CNNs inference. The family encompasses several variants targeting specific
platforms including Alveo data center cards, Zyng UltraScale+ MPSoCs,
Versal ACAP devices, and Kria System on Modules. This thesis focuses
on the DPUCZDXS8G variant, implemented in the PL of Zynq UltraScale+
MPSoC devices with direct PS connections.

As an overlay accelerator, the DPU requires pre-compiled instruc-
tions and accessible memory locations for input, intermediate, and output
data. The Application Processing Unit (APU)—a quad-core Cortez-A53
processor running a Linux-based Operating System (OS) such as PetalL-
inuxr—coordinates data transfers and services DPU interrupts. The DPU
fetches optimized instructions from system memory to perform inference.

As depicted in Figure 2.17, the DPU consists of multiple specialized
engines. The convolutional cores comprise Matrix of Processing Engines
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Figure 2.17. DPU architecture overview

(MPEs) constructed from DSPs, LUTs, BRAM, and optionally UltraRAM
to accelerate convolutions. The MISC (miscellaneous) processor handles
non-convolutional operations including element-wise functions, activation
functions (e.g. ReLLU variants), pooling (average, max), and classification
primitives (argmaz, softmaz). The MISC engine operates under DPU
scheduler control, forming a heterogeneous compute fabric [11, 10]. The
architecture also includes an instruction fetch unit and a global memory
pool module.

AMD Xilinx Vitis AI Framework

Vitis AI [11] is AMD’s end-to-end software stack that simplifies model
deployment on Xilinx Zynq UltraScale+ and Versal devices [4] by ab-
stracting hardware-specific complexities, integrating with TensorFlow and
PyTorch, and enabling algorithm developers to deploy models without
requiring direct knowledge of Hardware Description Languages (HDLs) or
FPGA programming.
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The stack provides a comprehensive toolchain spanning model prepara-
tion, optimization, and deployment. The AI Model Zoo offers pre-optimized
reference networks for classification, detection, and segmentation, serving as
deployment baselines. Model optimization is supported through two com-
plementary tools: the AI Optimizer, which applies structured pruning and
graph optimizations to reduce computation with minimal accuracy impact,
and the Al Quantizer, which reduces precision from FP32 to INTS, enabling
higher throughput and lower power consumption without full retraining.
The AI Compiler translates quantized networks into DPU instructions,
partitioning operators across heterogeneous engines and scheduling tensor
operations within memory constraints.

Runtime execution and performance analysis are handled by the remain-
ing components. The A Library (VART) provides C/C++ APIs managing
I/0O, tensor formatting, multi-threading, and multi-engine execution, while
the AI Profiler measures latency, throughput, and utilization for bottleneck
identification. At the hardware level, the configurable DPU acceleration 1P
is available in various architectures (B2304, B4096) trading off parallelism,
resource utilization, and performance.

The deployment workflow begins with a trained model, optionally
pruned, then quantized to INT8 and compiled into a DPU binary. VART
orchestrates preprocessing, inference, and post-processing, while optimizing
layer tiling, buffer management, and operator placement to maximize
throughput within device constraints.
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Edge Al in Space

Deploying onboard Al algorithms requires meeting the computational
needs of modern DL architectures within the stringent resource constraints
of spaceborne platforms. To ground these challenges, Table 3.1 summarizes
the compute and memory footprints of several widely used CNN models
for computer-vision tasks.

Table 3.1. Computational and memory requirements of representative CNN
architectures

Model Input Size Params. (M) FLOPs (G) Mem. (MB) Ref.
VGG-16 224 x 224 x 3 138.4 15.5 528 [201]
ResNet-50 224 x 224 x 3 25.6 4.1 98 [80]
MobileNet V1 224 x 224 x 3 4.2 0.57 16 [85]
YOLOv3 416 x 416 x 3 61.9 65.9 236 [179]
YOLOv5s 416 x 416 x 3 7.0 7.3 27 [99]

Note—Memory (Mem.) footprint assumes FP32 precision for weights and activations.

As shown, models such as VGG-16 [201] and YOLOv3 [179] demand
tens of billions of Floating-Point Operations (FLOPs) per inference and
require hundreds of megabytes of memory for weight storage. Even
relatively efficient architectures like MobileNet V1 [85], ResNet-50 [80],
and YOLOv5s [99], specifically designed for resource-constrained envi-
ronments or edge deployment, still require substantial computational re-
sources—ranging from 0.57 to 7.3 Giga Floating-Point Operations (GFLOPs)
per inference and 16 to 98 MB of memory footprint.
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As a result, the computational demands of these DL workloads often
exceed the capabilities of conventional radiation-hardened space processors,
which are built on mature semiconductor nodes to prioritize reliability in
harsh environments. To achieve the required radiation tolerance, they are
manufactured using relatively coarse process nodes (45-250 nm), which
inherently limit parallelism and energy efficiency when compared to modern
commercial processors built on sub-10 nm nodes [25, 128]. While robust
against radiation effects, these processors offer limited performance and
lower clock speeds compared to their commercial counterparts.

In [124], the authors present performance trends comparing radiation-
hardened processors with COTS devices. As summarized in Figure 3.1,
processors commonly flown on satellites lag by roughly three to four orders
of magnitude. For example, RADS5500-class parts deliver only about
0.9 Giga Floating-Point Operations per Seconds (GFLOPSs), whereas an
NVIDIA A100—representative of modern COTS accelerators—reaches
approximately 156 TFLOPSs.
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Figure 3.1. Comparative performance of radiation-hardened processors and

COTS GPUs

Table 3.2 presents a comparative overview of representative space-
grade general-purpose processors currently deployed in spacecraft Onboard
Computers (OBCs). As shown, processors such as the RAD750, RAD5545,
and GR740 operate at clock speeds ranging from 110 to 466 MHz and
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deliver performance between 400 and 5,592 Dhrystone Million Instructions
Per Second (DMIPS).

Table 3.2. Radiation-tolerant processors commonly used in spaceborne OBC

Processor Power  Perf. Speed Peak  Mem. BW Core Type Node Ref
(W) (DMIPS) (MHz) GFLOPS (GB/s) YPE  (nm) :
Single-core
RAD750 ~10 ~400 200 ~0.4 ~0.2 PowerPC  150-250 [16, 18, 127]
750
Quad-core
RADb5545 ~20 5,592  up to 466 13.5 4.2 QorlQ 45 [172, 22, 128|
P5040
Quad-core
GR740 ~2 ~250 250 ~0.5 ~0.2 LEON4 65 [41, 95, 128]

Note—Process nodes and memory bandwidth values are approximations based on

available datasheets.

Table 3.2 further clarifies the disparity between the computational
requirements of modern CNN architectures and the capabilities of radiation-
hardened processors, highlighting a critical gap for autonomous onboard
Al For example, executing a single ResNet-50 inference (4.1 GFLOPs)
on a RAD750 processor (peak ~0.2 GFLOPS) would take roughly 20 s,
rendering real-time operation infeasible for time-critical tasks such as hazard
avoidance or autonomous navigation.

In [128], the authors conduct a comprehensive comparative analysis of
space-grade processors using device metrics, demonstrating that emerging
multicore CPUs such as the GR740 and RADb5545 achieve substantially
higher computational density and memory bandwidth compared to heritage
single-core processors like the RAD750, primarily due to higher operating
frequencies and modern multicore architectures. However, even considering
the more capable RAD5545, executing YOLOvV5s for object detection would
require at least 2 seconds per frame, with an energy consumption on the
order of several tens of joules per frame.

Beyond performance constraints, cost represents an additional barrier.
Radiation-hardened integrated circuits use dedicated processes and screen-
ing to reach up to 1 Mrad(Si) Total Ionizing Dose (TID) [208]; however,
specialized fabrication lines, stringent qualification, and low production
volumes drive unit prices typically 10-100x higher than commercial parts.
Consequently, true rad-hard devices are economically viable mainly for
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missions with exceptional radiation requirements and solid institutional
funding, while many LEO or short-duration missions instead favor COTS
devices with mitigation.

Taken together, these economic pressures and performance limitations
motivate the need for alternative onboard Al acceleration strategies. His-
torically, the adoption of COTS hardware accelerators—such as embedded
GPUs, TPUs, and VPUs—has been limited in space systems due to their
inherent susceptibility to radiation-induced faults and the stringent qual-
ification protocols required for space deployment. However, the growing
computational demands of onboard Al applications, combined with the
increasing maturity of COTS Al hardware, have driven the exploration of
heterogeneous processing architectures that incorporate such co-processors
within the space domain [108].

These platforms, though originally developed for terrestrial edge and mo-
bile applications, are demonstrating operational reliability in short-duration
missions and LEO environments, accumulating initial flight heritage. In this
section, we present a review of space missions that leverage edge-Al process-
ing—spanning EO, in-orbit operations, and deep-space exploration—with
the overarching aim of enhancing onboard autonomy and reducing depen-
dence on ground control. The review also provides a comparative analysis
between COTS accelerators and space-grade FPGA devices, highlighting
their respective strengths and limitations in terms of computational through-
put and latency, power efficiency, radiation tolerance, and reconfigurability.

3.1 Edge AI Heritage

As discussed in Chapter 2, the emergence of advanced processors tai-
lored for embedded systems—including embedded GPUs and ASICs-based
devices—has made deploying Al solutions at the edge a practical reality.
This technological shift has also influenced the space sector, where there is
a growing interest in exploring heterogeneous co-processing architectures
that leverage COTS components originally designed for terrestrial edge
applications. As a result, several space-oriented products have been intro-
duced to meet the computational demands of modern missions.

For instance, Aitech’s S-A1760 Venus |7], which integrates the Jetson
TX2i GPU, is a rugged Al processor developed for short-duration space
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missions. Following a similar approach, Ubotica’s CogniSat offers CubeSat-
compatible boards equipped with the Myriad 2 and Myriad X VPUs [212],
enabling onboard execution of Al and computer vision algorithms directly
on the payload.

Building on these hardware innovations, a number of recent EO mis-
sions have successfully demonstrated the feasibility of deploying DL models
directly onboard satellites using COTS accelerators. These missions under-
score the growing maturity of onboard Al processing and its applicability
across diverse operational scenarios. Notably, PhiSat-2, developed by ESA
as a follow-up to PhiSat-1, expanded onboard capabilities to include ves-
sel detection, cloud masking, and image compression, all powered by the
Myriad 2 VPU [135]. Likewise, the CogniSat-6 mission by Open Cosmos
employed the Myriad X-based CogniSAT-XE2 platform to perform real-
time flood detection and radio frequency signal classification onboard a
6U CubeSat [185]. The MANTIS 12U mission further validated onboard
cloud detection using a CNN, achieving 90% accuracy, compared to 92%
achieved in ground-based processing [144].

GPU-based inference has also been demonstrated in recent missions.
The FOREST-2 CubeSat employed an embedded NVIDIA Jetson Xavier
NX GPU to perform onboard wildfire detection [192|, while the NewSat-27
microsatellite developed by Satellogic utilized a Jetson TX2i module for
real-time ship detection and onboard image preprocessing [167|. In parallel,
NASA’s Goddard Space Flight Center (GSFC) has developed a CubeSat-
class Al co-processor card based on a TPU, known as the SpaceCube Low-
power Edge AT Resilient Node (SC-LEARN) [72]. This system has recently
been launched and integrated onboard the International Space Station as
part of the Space Test Program-Houston 9 (STP-H9) experiment [133].

To further support flexible Al workloads in orbit, hybrid platforms
combining general-purpose processors with dedicated accelerators have also
emerged. One example is the distributed computing system developed by
Unibap, deployed on D-Orbit’s ION-MKO02 Dauntless David mission, which
integrates a quad-core x86 CPU, a Microsemi SmartFusion2 FPGA, and
an Intel Myriad X VPU [147].

These examples collectively underscore a growing trend toward heteroge-

neous computing architectures that leverage COTS co-processors—such as
embedded GPUs and VPUs—to enable onboard Al capabilities. These plug-
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and-play solutions offer significant advantages over traditional FPGA-based
designs, including simplified development workflows, reduced integration
complexity, and accelerated deployment timelines, thereby lowering the
entry barrier for space applications.

Nonetheless, their operational suitability remains largely confined to
short-duration missions in LEO, where radiation levels are comparatively
moderate and system reliability constraints are less stringent [175]. As
missions extend in duration and venture into harsher orbital regimes, the
space environment introduces a range of challenges—including extreme
thermal conditions and elevated radiation exposure—that can severely
impact the performance, reliability, and longevity of electronic components
used for onboard Al processing [56]. These constraints necessitate a deeper
understanding of radiation effects and mitigation strategies, which are
addressed in the following sections.

3.2 Space Environment

The space environment imposes extreme conditions on electronic sys-
tems, requiring careful component selection and qualification. Two primary
factors dominate the design of spaceborne electronics: thermal stress and
radiation exposure [221].

Space systems experience extreme temperature variations that depend
on mission profile and spacecraft configuration. Components must with-
stand temperatures ranging from cryogenic conditions in shadowed regions
to elevated temperatures under direct solar illumination. During eclipse
transitions, rapid thermal cycling accelerates aging mechanisms and can
significantly reduce component lifetime and reliability [210]. While thermal
management is critical, the radiation environment presents more funda-
mental challenges for electronic reliability in space missions.

The term radiation refers to the transfer of energy through space in the
form of waves or particles. It can be broadly classified into two categories:
electromagnetic radiation and particulate radiation |63].

High-energy electromagnetic radiation, including X-rays from astrophys-
ical sources (galaxy clusters, black holes, stellar processes) and gamma-rays
from radioactive decay and thermonuclear fusion, poses significant threats to
space electronics. These energetic photons penetrate semiconductor devices
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and generate electron-hole pairs through ionization [180]. The resulting
radiation-induced currents can alter timing circuit states, corrupt memory

contents, trigger spurious logic signals, or cause permanent device damage.

The deep penetration capability of gamma rays makes them particularly
hazardous, as they induce charge accumulation throughout microelectronic
structures, leading to progressive degradation and failure [162].

Particle radiation, as opposed to electromagnetic radiation composed of
massless photons, consists of fast-moving subatomic particles with intrinsic
mass, such as protons, electrons, and nuclei of atoms, including alpha
particles. Figure 3.2 provides a schematic view of Earth’s magnetosphere
showing how Solar Energetic Particles and Galactic Cosmic Rays interact
with the geomagnetic field.

Solar Energetic Particles
(Solar Particle Events or
Coronal Mass Ejections)

Figure 3.2. Space Radiation Sources [36]

In [160], the impact of space radiation on satellite systems is discussed
in depth, providing a comprehensive review of the main radiation sources
in the space environment.

Galactic Cosmic Rays are high-energy particles—predominantly protons
(~85%) and alpha particles (~14%)—originating from outside the Solar
System. With energies ranging from hundreds of MeV to several GeV, and
some particles exceeding 1020 eV, their extreme penetrating power makes
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effective shielding particularly challenging [64].

Solar Particle Fvents produce sporadic, intense fluxes of energetic
particles—primarily protons and electrons—ejected during solar flares and
coronal mass ejections. These events are characterized by rapid onset, short
duration (hours to days), and highly variable intensity, posing significant
risks to spacecraft electronics during solar maximum periods [190].

Trapped Radiation Belts, known as the Van Allen Belts (Figure 3.3),
consist of energetic electrons and protons confined by Earth’s magnetic field
in toroidal regions around the planet. The inner belt contains a relatively
stable population of high-energy protons exceeding 10 MeV, while the outer
belt contains primarily energetic electrons up to 10 MeV.

Inner
Radiation Belt
Magnetic Field
Lines

Quter
Radiation Belt

Magnatic Axis

Rotational Axis

Figure 3.3. Van Allen Belts Representation [87]

The radiation dose, measured in rad(Si)—where 1 rad(Si) corresponds
to 0.01 J/kg—quantifies the amount of energy absorbed by silicon due
to radiation exposure. The severity of radiation effects varies dramati-
cally with orbital parameters. Satellites in LEO benefit from substan-
tial protection provided by Earth’s magnetic field, with typical dose
rates of 100-1000 rad(Si)/year for low-inclination orbits (<28°) and 1000
10,000 rad(Si)/year for high-inclination orbits [146]. In contrast, spacecraft
in Medium Earth Orbit (MEO) and GEO experience doses approximately
two orders of magnitude higher [224]. For reference, the International
Space Station experiences doses below 3 Gy /year (300 rad(Si)/year) under
worst-case conditions |77].

Beyond Earth’s protective magnetic field, the radiation environment
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becomes significantly more severe, presenting major challenges for deep-
space missions [204]. The radiation environment is also strongly influenced
by transient solar weather phenomena, with major solar events capable of
increasing instantaneous radiation flux by several orders of magnitude [98].

A critical feature of the trapped radiation environment is the South
Atlantic Anomaly (SAA), a region where the inner Van Allen belt dips
to approximately 200 km altitude over the southern Atlantic Ocean off
the coast of Brazil. Despite the generally benign radiation environment
in LEO, the SAA accounts for the largest fraction of radiation exposure
during LEO missions, with high-inclination orbits traversing this region
up to six or seven times per day [160]. Within the orbit, radiation dose
varies significantly by position: the SAA exhibits elevated concentrations
of trapped protons that can produce upset rates exceeding those in other
orbital regions by an order of magnitude [227, 160].

3.2.1 Radiation Effects on Electronics

Radiation effects on electronic devices originate from the interaction
between energetic particles and matter. Two primary damage mechanisms
can be distinguished: ionization and displacement damage.

Tonization occurs when radiation—such as X-rays, gamma rays, or
charged particles—deposits sufficient energy to remove electrons from atoms,
thereby generating electron—hole pairs within semiconductor materials.
This ionization process generates cumulative effects (TID), which arise
from the gradual accumulation of ionizing dose over time, causing gradual
degradation of device parameters, such as threshold voltage shifts, increased
leakage currents, and deterioration of insulating layers [42].

In contrast, predominantly non-ionizing energetic particles—such as
neutrons, protons, and heavy ions—can transfer momentum to the atomic
lattice, displacing atoms from their original sites and producing crystal
defects, as illustrated in Figure 3.4. This process, known as displacement
damage or Non-Ionizing Energy Loss (NIEL), shortens the minority-carrier
lifetime and degrades the performance of bipolar devices, ultimately leading
to gain reduction and increased leakage currents in bipolar transistors [206,
160].
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Figure 3.4. Displacement damage mechanism [160]

Total Ionizing Dose

Unlike transient effects, cumulative damage mechanisms develop progres-
sively throughout the operational lifetime of electronic systems operating
in radiation environments. Components subject to TID or displacement
damage degrade gradually until reaching their tolerance threshold, at which
point functional failure occurs.

A key advantage of cumulative effects is their predictability: for well-
characterized components with known dose tolerance limits, the time to
failure can be estimated. The operational lifetime ¢ (in years) before TID-
induced failure can be expressed as:

TIDthreshold

tlyrs) = Dose/yr

where the numerator represents the maximum tolerable dose of the com-
ponent, and the denominator corresponds to the annual dose rate in its
operational environment.

As energetic particles traverse the satellite structure, they continuously
deposit energy in the material through ionization and scattering processes.
Although shielding materials attenuate the incident radiation via stopping
power mechanisms, a fraction of the particle energy still penetrates and
contributes to the dose accumulated by internal components. Over extended
mission durations, this accumulated dose can exceed the component’s
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damage threshold, ultimately leading to permanent degradation or complete
functional failure.

Single Event Effects

Single-Event Effects (SEEs) are highly localized phenomena induced by
individual energetic particles, in contrast to the gradual cumulative damage
caused by TID and Displacement Damage (DD). When a single particle
traverses the active volume of an electronic device, it deposits energy in
the semiconductor material, generating an ionization track of electron-hole
pairs along its trajectory, as illustrated in Figure 3.5.

Oxide
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High Energy
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Figure 3.5. Single-event effect mechanism [195]

The energy deposited per unit path length by an incident particle is
characterized by its Linear Energy Transfer (LET), typically expressed
in MeV cm? mg~!. This parameter provides a fundamental measure of a
device’s susceptibility to single-event effects, since the ionization density
along the particle track directly determines the magnitude of the induced
charge transient [230].

Within the neutral regions of a semiconductor, the generated elec-
tron—hole pairs typically recombine without observable effects. However,
near a p—n junction, the built-in electric field can separate these carriers
before recombination occurs. The subsequent collection of the separated
charges induces a transient current pulse that may disturb normal device
operation. Depending on the device architecture and the characteristics of
the incident particle, SEEs can manifest as either destructive phenomena,
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such as Single-Event Latchup (SEL), or non-destructive events, including
SEU, Single-Event Functional Interrupt (SEFI), and Single-Event Tran-
sient (SET).

A SEU occurs when the ionization generated by a single particle alters
the logic state of a digital device. In memory cells, the stored digital
value transitions (from logic 1 to 0 or vice versa) if the collected charge
exceeds a device-specific critical charge threshold. Importantly, SEU events
are non-destructive and reversible, causing no permanent damage to the
affected component.

SEFI represents a more severe non-destructive condition wherein the
device ceases normal functionality and typically requires a complete power
cycle to restore nominal operation. In analog integrated circuits, single-
particle strikes can generate momentary voltage or current spikes on device
outputs, known as SET.

The most critical single-event effect is latch-up (SEL), which occurs
when the energy deposited by radiation triggers a parasitic path inside
the integrated circuit, creating a short connection between the power and
ground rails. If the resulting current stays within safe limits, the device may
simply lock up temporarily and recover normal operation after a power cycle.
However, if the current exceeds the device’s thermal tolerance, the excessive
heat can permanently damage the silicon junctions, leading to irreversible
failure and, in severe cases, damage to other connected components [195].

According to the European Cooperation for Space Standardization
(ECSS), devices exhibiting latch-up susceptibility below a LET threshold
of 68.2MeV cm? mg~! cannot be classified as latch-up immune [64].
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3.3 FPGAs in Space

As discussed in Section 3.1, several current space missions illustrate a
growing trend toward the adoption of heterogeneous computing paradigms
based on COTS co-processing architectures for onboard artificial intelli-
gence, particularly in LEO and short-duration contexts where environmental
radiation levels and mission risk tolerances are more favorable. Table 3.3
illustrates the high power efficiency and computational throughput achieved
by these platforms.

Table 3.3. Performance and power consumption of edge Al accelerators [43]

Accelerator /Platform Manufacturer ~ Technology = TOPS P((i;lvv‘)er
Movidius Myriad 2 Intel VPU 2 2
Movidius Myriad X Intel VPU 4 2
Google Coral Google TPU 4 2
NVIDIA Jetson Xavier NX NVIDIA GPU 21 10

Despite offering attractive computational performance and cost-efficiency,
COTS processors remain inherently vulnerable to ionizing radiation, which
poses significant challenges for their deployment in more demanding space
scenarios. Table 3.4 presents the radiation tolerance characteristics of se-
lected COTS devices, specifically their TID endurance and SEL immunity.

Table 3.4. Radiation tolerance characteristics of Al accelerators for space
applications

TID SEL Immunity

Device (Krad) (LET) Ref.
Myriad 2 VPU 49 8.8 MeV-cm?/mg [176]
RT PolarFire SoC 100 68.2 MeV-cm? /mg [183]
RT PolarFire FPGA 100 80 MeV-cm? /mg [182]
Myriad X VPU 20 49.3 MeV-cm? /mg [35]
Google Coral TPU 30 57.3 MeV-cm? /mg [35]
NVIDIA Jetson Xavier 20 40 MeV-cm?/mg  [187, 30]

FPGAs have long played a central role in space avionics architectures,
particularly for accelerating high-performance digital signal processing
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workloads. Available in space-grade variants for several decades, they have
been widely adopted across numerous space missions. Their inherent recon-
figurability, combined with highly parallel processing capabilities, makes
them especially suitable for computationally intensive applications. In
this context, FPGAs are frequently employed for real-time data transfor-
mations—such as compression and decompression—essential to managing
the large data volumes generated by onboard sensors and instruments.
They also support the implementation of space-qualified communication
interfaces, including SpaceWire and SpaceFibre, which enable high-speed
and fault-tolerant data exchange between spacecraft subsystems [108, 123].
Table 3.5 summarizes a selection of the main space-grade FPGAs currently
available on the market, highlighting their radiation-tolerance characteris-
tics.

Table 3.5. Radiation Tolerance Characteristics of Space-Grade FPGAs

. TID SEL Immunity
Device (Krad) (LET) Ref.
Kintex UltraScale 100 80 MeV-cm?/mg [3]
Virtex-5QV 1000 >100 MeV-cm?/mg  [233]
RT PolarFire 100 80 MeV-cm?/mg [140]

The Xilinx Virtex-5QV (XQR5XVFX130) [233], introduced in 2011,
was the first high-performance radiation-hardened reconfigurable FPGA
designed for processing-intensive space applications and has since been
adopted on hundreds of spacecraft. It provides exceptional radiation hard-
ness, withstanding up to 1 Mrad of TID, and—thanks to its dedicated rad-
hard design—exhibits remarkable resilience to single-event effects (SEU rate
in configuration memory at GEO ~ 3.8 x 10710 upsets device ! day ™! [34]),
despite relying on RAM-based configuration storage.

Driven by the increasing demand for higher-density and higher-perfor-
mance FPGAs in advanced space missions, Xilinx has recently undertaken
major efforts to qualify a new generation of devices for space use, notably
the 20 nm Kintex UltraScale family [3]. The UltraScale XQRKUO060 signif-
icantly exceeds the Virtex-5QV in terms of logic density, speed, and overall
processing capability. However, with regard to radiation performance,
the Kintex UltraScale can be classified as radiation-tolerant rather than
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radiation-hardened, offering robust but comparatively lower resistance to
ionizing and single-event effects.

The Microchip RT PolarFire, when compared to the Xilinx Kintex
UltraScale, provides slightly fewer resources but is inherently immune—Dby
design—to configuration-bitstream SEUs. Moreover, RT PolarFire reduces
power consumption to roughly half that of equivalent SRAM-based FPGAs
offering similar density and performance, representing a major advantage
for space applications where power management is critical [137].

In recent years, the use of FPGAs for deploying DNNs has expanded
beyond the EO domain, supporting autonomy at the edge in planetary
exploration and proximity operations. NASA’s Mars 2020 mission, which
deployed the Perseverance rover, incorporated a Vision Compute Element
(VCE) that couples a radiation-hardened RAD750 CPU with a radiation-
tolerant Xilinz Virtex-5QV FPGA. This architecture enabled the accelera-
tion of perception and autonomy workloads that would otherwise exceed
the capabilities of the primary flight processor [223|. Onboard Perseverance,
AT augments both in-situ science and mobility. The PIXL instrument—a
spectrometer developed by NASA’s Jet Propulsion Laboratory in Southern
California—performs adaptive sampling with real-time inference to achieve
precise target registration, identify diagnostic mineralogical signatures, and
prioritize scientifically valuable regions without ground-in-the-loop inter-
vention. Complementarily, the AutoNav system executes onboard obstacle
detection and path optimization, extending access to challenging terrains
and increasing science time-on-target. Furthermore, onboard Al filters
and ranks observations under stringent downlink constraints, progressively
refines mineral classification through machine learning, and informs sample-
acquisition decisions for the Mars Sample Return campaign, with selected
specimens sealed in titanium tubes for subsequent analysis on Earth [148].

ESA’s Hera mission marks another milestone in autonomous space oper-
ations. As part of the AIDA (Asteroid Impact and Deflection Assessment)
collaboration with NASA, Hera will conduct a detailed post-impact survey
of the Didymos binary asteroid system following NASA’s DART (Double
Asteroid Redirection Test) kinetic impact on Dimorphos [5]. Currently
in flight, Hera relies on onboard computer-vision and Al algorithms that
fuse data from multiple sensors to navigate and operate efficiently far from
Earth—reducing reliance on ground control and enabling timely guidance
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updates. These workloads are offloaded from the OBC to a dedicated
image processing unit, which integrates two radiation-tolerant FPGAs: a
NanoXplore NG-Medium handling avionics interfaces (e.g., SpaceWire),
command /telemetry services, and in-flight reprogramming, and a Xilinx
Virtex-5QV dedicated to high-throughput image processing for vision-based
navigation [19].

While COTS-based accelerators provide an attractive plug-and-play
option for onboard Al, simplifying development and integration compared
to FPGA-based designs, their limited radiation tolerance restricts their use
to LEO and short-duration missions. Conversely, fully radiation-hardened
FPGAs such as the Xilinx Virtex-5QV offer outstanding robustness but at
the expense of power efficiency and architectural flexibility.

Bridging this gap, the radiation-tolerant PolarFire FPGA emerges as
a compelling compromise, combining high reliability with low power con-
sumption and in-flight reconfigurability. Its flash-based technology provides
intrinsic immunity to configuration SEUs, while maintaining competitive
logic density and performance. Furthermore, the platform integrates the
CoreVBX dataflow accelerator for CNNs, available as a ready-to-use IP
core that can be instantiated directly within custom spacecraft subsystems,
enabling reliable and efficient AI acceleration in space [176, 51, 64].

Recent demonstrations on commercial PolarFire devices—running quan-
tized CNNs trained on EuroSAT with TensorFlow and PyTorch—show
substantial improvements in throughput and energy efficiency, reinforcing
the suitability of this architecture for edge Al in space. Crucially, the same
design flow and accelerator map to the radiation-tolerant family, providing
a straightforward path to space-qualified on-board intelligence [51].

3.3.1 Fault Mitigation Strategy

The intrinsic radiation resilience of RT PolarFire devices arises from their
flash-based configuration architecture. Unlike conventional SRAM-based
FPGASs, which require continuous configuration monitoring and periodic
scrubbing to correct radiation-induced upsets, RT PolarFire FPGAs employ
non-volatile memory cells that are inherently immune to such effects. This
robustness results from the use of floating-gate Metal-Oxide—Semiconductor
Field-Effect Transistors (FG-MOSFETS), which reliably retain their pro-
grammed state even under ionizing radiation exposure [217].
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In contrast, SRAM-based configuration cells are vulnerable to single-
event upsets (SEUs) caused by high-energy particles. Since these cells
define the functionality of configurable logic blocks, routing resources, and
I/0O structures, upsets in configuration memory can directly alter circuit
behavior—potentially disrupting routing paths or modifying logic opera-
tions [126]. To mitigate these effects, designers often adopt fault-tolerant
strategies such as Triple Modular Redundancy (TMR), which replicates
critical logic and employs majority voting to mask single faults. Configura-
tion memory integrity can also be restored through scrubbing—a process
that continuously reads and rewrites configuration data—but this approach
increases power consumption. By eliminating the need for scrubbing, RT
PolarFire devices achieve greater power efficiency without compromising
functional reliability [227].

Nevertheless, while the configuration memory is resilient to SEUs, the
user logic and embedded memories remain susceptible to transient radiation
effects, including SEUs and SETs, which may be induced by cosmic rays,
charged particles, or electromagnetic disturbances [37].

To ensure system reliability, a comprehensive suite of mitigation tech-
niques has been developed for flash-based FPGAs, addressing specific
vulnerabilities in both sequential and combinational logic. Among these,
TMR remains the foundational method for SEU mitigation. TMR can be
implemented in various forms—sequential, distributed, or global—based on
logic replication and majority voting. As demonstrated in [165], applying
local TMR to D-type flip-flops in RT PolarFire FPGAs can significantly re-
duce susceptibility to SEU, lowering the estimated error rate from 1 x 1077
to 1 x 107! errors/bit-day under GEO SolarMin conditions. Building on
this result, the use of synthesized local TMR was explored for the CoreVBX
neural network IP. While this approach is expected to improve reliabil-
ity, it introduces considerable implementation overheads: logic utilization
increases from 13% to approximately 33% of the available resources, and
the maximum clock frequency drops by about 33%, leading to a 35%—45%
reduction in inference throughput. However, it is important to note that no
radiation testing has yet been performed on the CoreVBX—either with or
without TMR—and thus the actual fault tolerance benefits for this specific
IP remain unverified.

For SET mitigation, more refined approaches have emerged to address
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the limitations of full redundancy techniques. In particular, [207] presents
an advanced design flow that analytically identifies the most critical flip-
flops and logic paths based on dynamic propagation models of SET pulses.
This enables the selective insertion of guard gates only where necessary,
drastically reducing unnecessary overhead. The approach, validated on
several benchmark circuits including a RISC processor, achieved a two-
order-of-magnitude improvement in SET resilience while reducing area
overhead by more than 83% compared to traditional TMR combined with
full guarding.

Another mitigation technique for user memory involves the use of Error
Detection and Correction (EDAC) schemes, combined with orbit-specific
scrubbing intervals adapted to the radiation flux and mission profile [37]. At
the design level, additional hardening strategies further enhance reliability,
including safe finite-state machine (FSM) coding with explicitly defined
recovery paths and the use of Hamming distance-3 encodings. These
techniques prevent radiation-induced state corruption from driving the
system into undefined or hazardous behavior [150].

Overall, the combination of flash-based immunity to configuration faults
and the integration of selective, resource-efficient fault mitigation strategies
enables RT PolarFire FPGAs to operate reliably in harsh space radiation
environments while preserving the performance and reconfigurability ad-
vantages that define modern programmable logic devices [217].

3.3.2 Microchip RT PolarFire SoC

Among recent advances, Microchip has introduced the RT PolarFire
SoC [141], which marries a real-time, Linux-capable RISC-V microprocessor
with the rugged, radiation-tolerant PolarFire FPGA fabric. This blend of
deterministic control and reconfigurable acceleration opens a clear path to
sophisticated, on-board intelligence for space systems.

Radiation test results in [183] highlight the device’s robustness: no con-
figuration upsets or SELs were observed up to a LET of 68.2 MeV cm? mg ™!,
supporting its classification as SEL-immune under ECSS guidance [64]. The
SoC also maintained correct operation through 100,krad TID, underscoring
suitability for safety-critical, radiation-intense missions.

With a hard RISC-V processor capable of running Linux, developers
inherit a mature and flexible environment that simplifies task schedul-
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ing, cleanly partitions functionality between software and hardware, and
accelerates the integration of high-level Al frameworks alongside custom
accelerators. In sum, the architecture is a compelling foundation for next-
generation autonomous spacecraft subsystems.

Building on these strengths, this thesis adopts the RT PolarFire SoC
family as the primary compute platform for reliable on-board Al. The next
chapter presents a maritime case study featuring a tailored deep-learning
model for reliable small-target detection (e.g., vessels). The model is
implemented on the Microchip PolarFire SoC Video Kit, which serves as an
evaluation platform for the space-grade counterpart, thereby demonstrating
near-real-time detection and time-critical alerting directly on board.







Chapter

SR-YOLOv5s for Maritime
Surveillance

As introduced in Chapter 1, detecting small targets in optical satellite
imagery plays a crucial role in various monitoring and surveillance appli-
cations, supporting emergency response, situational awareness, and the
identification of anomalous or illegal activities. However, many targets
manifest as small objects with limited spatial footprint, low contrast against
backgrounds, and visual occlusion from atmospheric haze or cloud cover,
making accurate detection extremely challenging.

This thesis investigates the use of DL-based SISR to enhance small-
object detection in maritime domain and introduces SR-YOLOv5s—an
improved variant of YOLOv5s [99]—integrating a custom lightweight SISR
backbone. The approach permanently integrates the super-resolution mod-
ule into the pipeline, enabling joint training to enhance fine-grained spatial
details and improve feature extraction. Unlike conventional end-to-end
architectures, the SR module is fully convolutional and compact, designed
for efficient deployment on embedded devices under computational and
power constraints.

To assess performance, we construct the LR-ShipRSImage dataset,
derived from ShipRSImageNet [240], specifically designed for detecting
small and very small vessels in satellite imagery. The dataset introduces a
novel very small ship category, defined as instances with bounding box area
< 7 x 7 pixels, and includes diverse images capturing vessels under varying
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maritime conditions—calm and rough seas, haze, varying illumination, and
partial cloud coverage. The primary objective is to assess whether super-
resolution can improve accuracy when targets occupy only a few pixels. To
increase task complexity, we augment the dataset with LR-CloudyTest,
a synthetic test subset created by overlaying procedurally generated cloud
masks onto test images, simulating degraded visibility scenarios.

To evaluate SR benefits under consistent conditions, LR-ShipRSImage
is paired with a high-resolution counterpart where identical objects occupy
more pixels. This enables assessing whether SR-YOLOv5s can reconstruct
sufficient detail to match baseline models operating on native high-resolution
inputs. For generalization capability, we test the model on two MASATI
dataset [13] subsets: one containing isolated small vessels in open sea,
another with only background scenes. This external validation confirms
robustness across diverse operational scenarios and applicability to hetero-
geneous maritime imagery.

Beyond model design and dataset construction, we investigate deploying
SR-YOLOvV5s on FPGA using the VectorBlor SDK and the overlay-based
CoreVBX accelerator. Rather than synthesizing the network directly into
programmable logic, the inference pipeline is mapped onto the overlay
architecture. We evaluate both performance and development workflow,
demonstrating feasibility of rapid prototyping and efficient edge-Al deploy-
ment on resource-constrained platforms.

The hardware design is implemented on Microchip’s PolarFire SoC
Video Kit and evaluated for real-time performance. To assess portability
and efficiency, we benchmark the full pipeline on two additional plat-
forms—NVIDIA Jetson Orin Nano and NVIDIA A100—highlighting trade-
offs in accuracy, throughput, and power consumption. While COTS Al
accelerators are currently used in space missions, their limited radiation
tolerance restricts long-term or high-radiation applications. Our design is
fully portable to the RT PolarFire SoC' [165], providing a robust foundation
for radiation-tolerant onboard Al inference systems.

The main contributions of this section are as follows:

e SR-YOLOV5s: An end-to-end model integrating a lightweight super-
resolution backbone optimized for FPGA deployment, enhancing
small vessel detection in satellite images.
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¢ LR-ShipRSImage dataset: Featuring over 4,000 very small ships
(< 7 x 7 pixels) and 9,200 small ships (€ [7 x 7, 32 x 32] pixels),
covering diverse maritime conditions and enriched with synthetic
cloud-masked imagery.

e Evaluation of Microchip’s CoreVectorBlox for deploying SR-YOLOv-
5s, confirming effectiveness for rapid, low-power Al deployment.

e Benchmarking on three platforms—NVIDIA Jetson Orin Nano,
NVIDIA A100, and PolarFire SoC Video Kit—comparing in-
ference speed, accuracy, and power consumption.

The remainder is structured as follows. Section 4.1 reviews relevant
literature on SISR and OD, highlighting super-resolution techniques for
improving small object detection in satellite imagery. Section 4.2 intro-
duces the SR-YOLOv5s architecture, training pipeline, experimental setup
including the custom dataset, and hardware design with the CoreVBX IP
core on PolarFire SoC. Section 4.3 reports and analyzes results.

4.1 Related Works

4.1.1 Super-Resolution

Super-Resolution encompasses techniques aimed at enhancing spatial
resolution by reconstructing finer details from low-resolution inputs. The
primary goal is to overcome imaging system limitations and improve detail
levels, making images more suitable for visualization, analysis, and other
computer vision tasks [234].

Recent advances in DL have transformed the field, with modern algo-
rithms achieving state-of-the-art performance and significantly surpassing
traditional fixed-kernel methods [109]. These models learn intricate pat-
terns and structures from data, enabling reconstruction of finer details and
delivery of more accurate, high-resolution outputs compared to conventional
approaches like bicubic interpolation.

SR methods are categorized into SISR and Multiple-Image Super-
Resolution (MISR). SISR recovers high-resolution images from single
low-resolution observations by learning spatial priors or statistical map-
pings, making it well-suited for real-time or onboard applications where
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only one frame is available [114]. Conversely, MISR leverages information
from multiple low-resolution images—typically acquired with sub-pixel
shifts—to reconstruct higher-quality outputs by exploiting complementary
details across observations. While MISR often achieves superior recon-
struction, it requires accurate image registration and is computationally
demanding, limiting applicability in low-latency or resource-constrained

environments [101].
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Figure 4.1. SRCNN architecture

Super-Resolution Convolutional Neural Network (SRCNN) [60] is a
pioneering deep learning model that enhances low-resolution images using
a fully convolutional network to reconstruct high-resolution details from
bicubic-interpolated inputs.
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Figure 4.2. FSRCNN architecture

Fast SRCNN (FSRCNN) [61] is a highly efficient model designed for
real-time tasks, developed as an advanced alternative to SRCNN for faster
inference and improved performance, particularly for single-image and video
applications. Unlike SRCNN, which operates primarily in High-Resolution
(HR) space, FSRCNN conducts most processing in Low-Resolution (LR)
space, accepting low-resolution input and performing upscaling only at
the final stage using a deconvolutional layer [236], significantly reducing
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computational complexity. Architectures are illustrated in Figures 4.1
and 4.2.
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Figure 4.3. Pixel-shuffle layer

Efficient Sub-Pixel Convolutional Network (ESPCN) [199] represents
another innovative approach to real-time single-image and video super-
resolution, utilizing a novel sub-pixel convolutional layer that transforms
LR feature maps into HR images directly at the network’s output. The sub-
pixel layer employs a pixel-shuffle operation where, given ¢ input channels
and upscale factor 7, it rearranges pixels from r? x ¢ feature maps along the
channel dimension. Figure 4.3 illustrates this layer, optimizing upscaling
with minimal computational overhead.

4.1.2 Object Detection

OD enables identification and localization of objects within images
by recognizing them from various classes and determining boundaries
with bounding boxes [26]. Since its 2015 introduction, You Only Look
Once (YOLO) [178] versions have rapidly evolved, with YOLOv5 being
one of the most widely adopted [88].

The YOLOV5 architecture [214], developed by Ultralytics, is optimized
for fast and accurate detection. As a single-stage detector, it predicts
bounding boxes and class probabilities directly from input images in a
single forward pass, enabling real-time applications. The architecture
comprises: an input layer; CSPDarknet53 backbone for feature extraction;
Path Aggregation Network (PANet) neck merging feature maps across
scales; and YOLO detection layer with multiple heads at three scales for
detecting small, medium, and large objects. Post-processing employs Non-
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Maximum Suppression (NMS) [82] and confidence thresholding to refine
the final detections. Figure 4.4 illustrates the overall architecture.

Backbone
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Figure 4.4. YOLO architecture [121]

Input images first pass through the backbone, which extracts hierarchical
feature maps capturing both low-level textures and high-level semantics
across multiple spatial resolutions. These multi-scale features are then
processed by the neck, a feature pyramid and path aggregation module
that fuses information across layers to enhance object localization and scale
invariance. The resulting feature maps—denoted as P3, P4, and P5—have
resolutions of 52 x 52, 26 x 26, and 13 x 13 respectively for a 416 x 416
input, and are specialized for detecting small, medium, and large objects.
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Figure 4.5. YOLO anchor-based prediction [121]

YOLOvV5 adopts an anchor-based detection strategy, in which each
feature map cell is associated with several predefined anchor boxes (w, h)
that represent typical object aspect ratios. During training, each ground-
truth bounding box is assigned to one or more anchors whose Intersection
Over Union (IoU) [181] exceeds a predefined threshold. Unlike earlier
YOLO versions, YOLOv5 extends the assignment to neighboring cells,
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enabling multiple positive anchors to contribute to the same target and
improving detection of objects near grid boundaries.

For each assigned anchor, the detection head predicts bounding-box
offsets (Az, Ay, Aw, Ah) relative to the anchor center and size, together
with an objectness score and class probabilities (Figure 4.5).

Anchor dimensions are obtained by applying k-means clustering [6] on
the training dataset, using an IoU-based distance metric to capture the
empirical distribution of target shapes.

At inference time, YOLOv5 adjusts each anchor’s position and scale
using the predicted offsets, generating candidate bounding boxes. These
are filtered by confidence thresholds and refined through Non-Maximum
Suppression (NMS) [82] to eliminate redundant detections, yielding the
final prediction set (Figure 4.6).
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Figure 4.6. YOLO post-processing [121]

YOLOvV5 is released in four model variants—YOLOv5s (small),
YOLOv5m (medium), YOLOv5I (large), and YOLOv5x (extra-large)—which
differ primarily in backbone and neck depth (number of layers) and width
(channel scaling). This modular design allows users to balance inference
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speed and detection accuracy according to mission requirements. The
smallest variant, YOLOvbHs, with only 7.5 million parameters, achieves an
outstanding trade-off between efficiency and precision [97].

4.1.3 Super-Resolution for Object Detection

Recent studies have explored integrating SR techniques to enhance im-
age quality prior to or during detection [38|. One of the earliest works [198§]
evaluated SISR impact on performance using the xzView dataset. Very
Deep Super-Resolution (VDSR) and a Random Forest-based algorithm
simulated imagery at multiple GSD levels (from 30 cm to 4.8 m), assessing
performance across upsampling scales (2x, 4x, 8x) using detectors like
Single Shot Detector (SSD). Results showed significant mAP gains: en-
hancing 30 cm imagery to 15 cm improved mAP by 13%, while upscaling
60 cm to 15 cm yielded 20% increase.

Building on these findings, subsequent approaches proposed end-to-end
models jointly optimizing SISR and OD components. For example, [174]
introduces an edge-aware GAN-based architecture (EESRGAN) coupling
an SR generator with a detector (SSD or Faster R-CNN), trained with
composite loss including adversarial, perceptual, and detection terms. This
yielded notable gains in vehicle detection on the COWC dataset, improving
mAP from 61.9% to 88.1% (SSD), and from 64% to 93.1% (Faster R-CNN).
In [120], ESRTMDet integrates a lightweight SR module directly into the
RTMDet framework (based on YOLOX). Experimental results demonstrate
that ESRTMDet achieves accuracy comparable to models trained and tested
on high-resolution inputs, consistently outperforming methods applying
SR as separate preprocessing.

Recent studies have also explored using super-resolution modules exclu-
sively during training. These auxiliary branches guide the backbone toward
learning HR feature representations from low-resolution inputs. Crucially,
SR components are discarded at inference, allowing models to retain train-
ing benefits without additional computational overhead during deployment.
Specifically, [238] proposes SuperYOLO, a detector for multimodal remote
sensing images (RGB + infrared), augmented with an encoder-decoder
SR module active only during training. This auxiliary branch encourages
the backbone to learn HR features while being removed at inference to
preserve speed. SuperYOLO achieves 18.3% improvement over YOLOv5s
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baseline on the VEDAI dataset [177]. Similarly, [122] presents SOD-Net, in-
tegrating a Super-Resolution Perception Branch (SRPB) based on ESPCN.
Also active only during training, this auxiliary module enhances feature
extraction capabilities without impacting runtime performance. SOD-Net
achieves state-of-the-art results on VEDAI, reaching 82.6% mAP50 and
outperforming SuperYOLO in both accuracy and computational efficiency.

While these works confirm super-resolution effectiveness in boosting
small-object detection, they often rely on GPU-based inference or omit
hardware deployment considerations and embedded platform applicabil-
ity. Consequently, their practical use in real-time remote sensing scenar-
ios—where bandwidth, latency, and autonomy are critical—remains limited.
This gap underscores the importance of onboard processing strategies capa-
ble of delivering rapid, in-situ analytics within satellite system constraints.

4.2 Materials and Methods

This section presents the SR-YOLOv5s architecture, highlighting the
convolutional SR-Backbone that improves YOLOv5s performance in detect-
ing small vessels in optical satellite imagery. Then, details related to the
FPGA design on the Microchip PolarFire SoC are provided. On PolarFire,
SR-YOLOvV5s is deployed via the CoreVBX integrated with the VectorBlox
SDK, enabling power-efficient, real-time onboard processing.

4.2.1 SR-Backbone

In this subsection, the Super-Resolution Backbone (SR-Backbone) is
presented — a novel CNN architecture specifically developed for real-time
SISR applications. The model is optimized as an integral component of
object detection networks, featuring a lightweight design that minimizes
memory footprint and computational overhead. The architecture of the
SR-Backbone effectively prevents significant increases in the computational
demands of the primary network, thereby ensuring rapid inference speeds
while maintaining high capability for reconstructing HR images. It inte-
grates elements from the FSRCNN and ESPCN models, utilizing the ReLU
for activation.

The network is composed of several layers, each serving a specific
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function. The first hidden layer, inspired by FSRCNN, handles feature
extraction through 56 convolutional filters of size 5 x 5 applied directly to
the LR input. A subsequent shrinking layer employs 12 convolutional filters
of size 1 x 1 to decrease feature dimensionality, reducing computational
complexity. Four additional convolutional layers extract fine spatial details
within the feature maps for efficient nonlinear mapping from LR to HR
space. Then, an expansion layer restores the number of feature maps to
match the first hidden layer, using 56 convolutional filters of size 1 x 1.
Following the ESPCN model, HR image reconstruction is achieved through
the pixel-shufle operation. The final convolutional layer performs RGB
channel regression, after which the model combines the feature maps along
the channel dimension to produce a final output of size 72 x ¢. This approach
enables efficient upscaling while ensuring high-quality image reconstruction.
The Mean Square Error (MSE) is used as the loss function during training.
Figure 4.7 illustrates the SR-Backbone architecture.
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Figure 4.7. SR-Backbone architecture

4.2.2 SR-YOLOv5s

This thesis proposes SR-YOLOvV5s, an enhanced variant of the YOLOv5s
object detector that integrates the SR-Backbone within its architecture.
The overall structure of SR-YOLOv5s is shown in Figure 4.8. The back-
bone’s purpose is to map small objects from low-resolution to high-resolution
space, thereby increasing YOLOv)s’s detection accuracy for these targets.
It reconstructs fine spatial details of the input image, improving detection
performance without significantly impacting inference time. The overall
YOLOv5 architecture remains unchanged, except for replacing the original
SiLU activation function [14] with the ReLU activation function. This mod-
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ification ensures compatibility with the FPGA-based CoreVBX accelerator,
as the version 1 (v1) release employed in this study does not support the
SiLU activation function.

Detections

LR RGB Image

SR Feature
Maps

Figure 4.8. SR-YOLOv5s architecture

4.2.3 Dataset and Training Details

A comprehensive dataset is developed from ShipRSImageNet [240],
specifically tailored for ship detection in high-resolution optical remote
sensing imagery. It consists of 3,435 RGB images, each with a resolution of
approximately 930 x 930 pixels, acquired from a variety of sensors, satellite
platforms, geographic regions, and seasonal conditions. The dataset includes
vessels exhibiting a wide range of scales, orientations, and aspect ratios.

Figure 4.9 illustrates sample images from the reference dataset with
ground-truth bounding boxes. The imagery encompasses a diverse set of
maritime scenarios, including open ocean, rough sea states, port infrastruc-
tures, coastal proximity, and a variety of adverse atmospheric conditions
such as cloud cover, fog, haze, and low solar elevation angles. This hetero-
geneity introduces substantial background complexity, which is critical for
systematically evaluating the robustness of object detectors to false posi-
tives. Moreover, it enables the development and validation of operationally
reliable onboard detection systems capable of maintaining accuracy across
a wide range of real-world environmental conditions.

Following the COCO [118] object size classification, annotated bounding
boxes are categorized into small, medium, and large based on their pixel
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Figure 4.9. ShipRSImageNet dataset

area. Additionally, an extra class, very small, is introduced to account for
particularly challenging instances with an area less than or equal to 49
pixels (e.g., 7 x 7 or smaller). Stratified sampling is then applied across
these categories to allocate images with an 80%-15%-5% split for training,
validation, and testing, respectively, ensuring balanced representation of
object sizes across all data partitions.

To enable a rigorous evaluation of object detection enhanced by super-
resolution, two complementary versions of the dataset were constructed
through systematic image processing steps. The first variant, referred
to as HR-ShipRSImage, was generated by resizing the original images
to 416 x 416 pixels while preserving their aspect ratios. Bounding box
annotations were scaled accordingly to maintain spatial accuracy within
the resized images. The second variant, referred to as LR-ShipRSImage,
was obtained by applying a Gaussian filter [199] to the high-resolution
images, followed by a downsampling step that reduced each image to
a resolution of 208 x 208 pixels. Figure 4.10 and Figure 4.11 illustrate
the distribution of bounding box sizes in the HR-ShipRSImage dataset.
Specifically, Figure 4.10 displays scatter plots showing the range of object
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Figure 4.10. HR-ShipRSImage—Ship size class distribution (scatter plot)
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Figure 4.11. HR-ShipRSImage—Ship size class distribution (pie chart)
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sizes across the training, validation, and test sets, while Figure 4.11 presents
a pie chart summarizing the proportion of each size category.

The downsampling process reduces spatial resolution in a controlled
manner, increasing the relative frequency of small and very small object
instances. This shift in object scale distribution creates a more challenging
detection setting, ideal for assessing the ability of super-resolution models
to recover fine spatial details essential for accurate small-object detection.
As shown in Figure 4.10 and Figure 4.11 (scatter plot distribution and pie
chart), the proportion of very small and small instances increases signif-
icantly in the LR-ShipRSImage dataset compared to the high-resolution
version, making the detection task more challenging. Specifically, the low-
resolution test set contains a total of 143 very small and 664 small ship
instances, whereas the corresponding high-resolution test set includes only
32 very small and 402 small instances.
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Figure 4.12. HR-ShipRSImage—Ship size class distribution (scatter plot)

Within this framework, the LR-ShipRSImage dataset is employed as
input to both the baseline YOLOvbs and the enhanced SR-YOLOv5s archi-
tectures, enabling a direct comparison of their performance under identical
low-resolution conditions. The high-resolution variant (HR-ShipRSImage)
is used to train the standard YOLOv5s model and serves as a reference
benchmark, where objects are natively represented with higher pixel den-
sity. This experimental setup enables a controlled evaluation of whether
super-resolution techniques can recover sufficient spatial detail to achieve
detection accuracy comparable to that obtained with high-resolution inputs.
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Figure 4.13. HR-ShipRSImage—Ship size class distribution (pie chart)

To simulate adverse weather conditions and atmospheric occlusions, an
additional synthetic test set, referred to as LR-CloudyTest, was generated
by augmenting the LR-ShipRSImage test images with procedurally gener-
ated cloud layers using the open-source SatelliteCloudGenerator tool [50].
This tool applies Perlin noise-based textures to overlay semi-transparent
clouds with controllable parameters such as coverage (20%-80%), trans-
parency (min: 0.0-0.3, max: 0.5-0.85), and edge softness. To ensure target
visibility and avoid extreme occlusions, all images in which more than 30%
of any bounding box was covered by clouds were filtered out. The final
LR-CloudyTest set comprises 999 test images with realistic and diverse
atmospheric occlusions, allowing for a thorough evaluation of model robust-
ness under degraded optical conditions—one of the primary failure modes
of vision-based detection systems.

To assess generalization performance beyond the constructed dataset,
both SR-YOLOv5s and the baseline YOLOv5s models were evaluated on
two additional test sets derived from the MASATTI dataset [13]. The first
set (MASATI-ship) comprises images containing isolated small vessels (587
instances) and very small vessels (438 instances) in open-sea environments,
captured under varying illumination and meteorological conditions, and
is used to test detection performance on external, previously unseen data.
The second set consists of the MASATI-water subset (1,022 images), which
includes various illumination and sea conditions but no ship instances, and
is employed to evaluate model robustness against false positives. This setup
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also allows investigation of whether the use of super-resolution leads to an
increased false-positive rate compared to the baseline model.

Training, validation, and testing were conducted on an NVIDIA A100
GPU via the Google Colab cloud computing platform [73]. Initially, the SR-
Backbone weights were trained for 150 epochs using the Adam optimizer [57],
until no further improvements were observed in the MSE loss function,
aiming to maximize similarity between the super-resolved output and the
corresponding HR ground truth.

To evaluate reconstruction performance, several baseline models were
included alongside the SR-Backbone. The SRCNN model was trained on
the same dataset as a benchmark, given its status as the pioneering convolu-
tional neural network for super-resolution tasks. Additionally, the FSRCNN
and ESPCN models—both designed for real-time SR applications—were
trained, together with the Enhanced Deep Residual Network (EDSR) [117],
a state-of-the-art deep convolutional architecture for SR. Each model was
trained for 150 epochs, following the optimal hyperparameter configurations
recommended by their respective authors.

To enhance the robustness and statistical reliability of the evaluation
conducted for SR-YOLOvVSs, a 5-fold stratified cross-validation strategy was
employed over the combined training and validation set. This procedure
allows the model to be trained and assessed across five distinct data
partitions while preserving the original distribution of object-size classes
within each fold. By mitigating the risk of overfitting to a specific split, this
approach provides a more generalizable and reliable estimate of detection
performance.

The training of SR-YOLOv5s followed a structured, multi-phase
protocol. First, the baseline YOLOv5s model was trained on the HR-

ShipRSImage dataset for 100 epochs using the original configuration
provided by the YOLOvS authors.

Figure 4.14 shows the loss and accuracy profiles during the initial
training stage. Subsequently, using a staged transfer learning approach,
SR-YOLOv5s was trained on the LR-ShipRSImage dataset through a three-
phase procedure, applied independently for each fold. This strategy was
designed to progressively adapt both the detection head and the super-
resolution backbone to low-resolution inputs while maintaining model
stability and optimizing performance. In the first phase (50 epochs), the
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Figure 4.14. SR-YOLOvV5s loss and accuracy during the first training step

SR-Backbone weights were frozen, allowing the YOLOv5s detection head
to adapt to the high-resolution features generated by the pre-trained SR
module. In the second phase (50 epochs), the detection head was frozen
while the super-resolution backbone was fine-tuned to produce features
more aligned with the detection objective. In the final phase (50 epochs),
the entire architecture was trained jointly in an end-to-end manner, enabling
full network adaptation and tight integration between the super-resolution
and detection components.

To benchmark detection capability, the original YOLOv5s was also
trained to recognize the target class on both the LR-ShipRSImage and HR-
ShipRSImage datasets. Additionally, the performance of YOLOv5s with
ReLU activation was compared against the standard SiLLU-based model.
All models were trained according to the specifications recommended by
Ultralytics.

4.2.4 SR-YOLOv5s Deployment

SR-YOLOV5 is deployed on the Microchip PolarFire SoC, hosted within
the Microchip PolarFire SoC Video Kit. The complete design, incorporating
the Core VBX V1000 instance, utilizes approximately 72% of the available
LEs, with nearly 70% allocated to CoreVBX functionality. Figure 4.15
presents the hardware design schematic.
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Figure 4.15. CoreVectorBlox-based SoC Hardware Design

Network and firmware BLOBs are stored in non-volatile memory acces-
sible to the CoreVBX, which operates as a memory-mapped master unit.
During boot, both elements are loaded into Double Data Rate (DDR) mem-
ory. The hard-core RISC-V processor transfers input images from external
memory to DDR, performs initial preprocessing if required, and commands
the CoreVBX to execute inference. The accelerator reads weights and layer
configurations from the network BLOB to perform computations, writing
outputs back to DDR for processor access. The processor supervises the
overall workflow, running a C/C++ application under Yocto Linuz to
manage data flow and control the Al engine.

For comparative evaluation, SR-YOLOv5s was also deployed on the
Jetson Orin Nano Developer Kit [154] to benchmark inference performance
against execution on the PolarFire SoC. This assessment focuses on in-
ference speed and power consumption, as well as on the capability of the
VectorBlox SDK to optimize neural networks for efficient onboard deploy-
ment on the PolarFire SoC.

4.3 Results

This section presents the experimental evaluation of the proposed
system. The analysis begins by quantifying the detection accuracy of
SR~-YOLOv5 using standard performance metrics, in order to isolate and
assess the specific contribution of the integrated SR module. Subsequently,
the study evaluates end-to-end throughput, latency, and power consumption
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on a Microchip PolarFire SoC implementation, adopted as a low-power
computing platform for on-board, near-real-time inference. The overarching
goal is to demonstrate the feasibility of on-orbit extraction of actionable
information—such as vessel localization and alert generation for maritime
surveillance—within the broader EO context.

4.3.1 Ship Detection

The super-resolution capabilities of the SR-Backbone are evaluated
on the test set using two standard SR metrics: Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index (SSIM) [225]. Although
it includes approximately 98% fewer parameters than the EDSR, the SR-
Backbone achieves only slightly lower performance compared to reference
models such as SRCNN, FSRCNN, and EDSR, the latter representing the
state of the art for SISR tasks. Designed for compactness and computational
efficiency, the SR-Backbone introduces minimal overhead to the overall
computational load of the SR-YOLOv5s model.

Low-Resolution Super-Resolution High-Resolution

R

Figure 4.16. SR-Backbone reconstruction capability detail

Table 4.1. Super-Resolution Results

Model Parameters PSNR (dB) SSIM
SRCNN 20,099 31.668 0.880
FSRCNN 24,683 31.978 0.889
EDSR 1,395,788 32.790 0.898

SR-Backbone 16,960 30.640 0.884
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Table 4.1 details the performance comparison between the models. Fig-
ure 4.16 presents a visual comparison between the low-resolution input, the
corresponding high-resolution ground-truth, and the super-resolved output
produced by SR-Backbone. The reconstruction demonstrates the network’s
ability to recover high-frequency spatial details, indicating the effectiveness
of the super-resolution module in restoring fine-grained structures that are
critical for accurate object detection.

Table 4.2. Model evaluation results on cross-validation test sets

Model mAP50 All mAP50:95 All mAP50 Small mAP50 Very Small
YOLOv5s 0.8544 4+ 0.0054 0.6610 =+ 0.0046 0.7972 +0.0129 0.2832 4+ 0.0615
SR-YOLOv5s 0.9272 4 0.0029 0.7604 4 0.0072 0.9272 £+ 0.0079 0.4658 £ 0.0221

Table 4.2 reports the average results obtained through 5-fold cross-
validation on the LR-ShipRSImage test set to evaluate the detection perfor-
mance of SR-YOLOv5s compared to the baseline YOLOv5s. Specifically,
we report mean values for both mAP50 and mAP50:95, together with a fo-
cused analysis on the very small and small object categories. SR-YOLOv5s
achieves a mean mA P50 of 0.92724-0.0029, corresponding to a relative im-
provement of 8.54% over the baseline. Performance gains are also evident
when analyzing size-specific classes: SR-YOLOv5s achieves relative im-
provements of 64.48% for very small targets and 16.31% for small targets
in terms of mAP50. These results support the effectiveness of the proposed
end-to-end super-resolution strategy, demonstrating that SR-YOLOv5s can
significantly enhance detection performance—particularly for low-resolution
and small-scale objects.

To statistically validate the effectiveness of SR-YOLOv5s compared
to the baseline YOLOvVSs, a rigorous evaluation was performed using a
bootstrap-based resampling methodology. A total of 100 independent re-
sampled test sets were generated from the original LR-ShipRSImage test
split following a non-parametric bootstrap with replacement. Consider-
ing the relatively low standard deviation of mA P50 across the five folds
of cross-validation, a representative pair of models—SR-YOLOv5s and
baseline YOLOv5s—trained on the same fold was selected to ensure a
controlled statistical comparison, minimizing potential confounding effects
due to data partitioning. Based on the 100 bootstrap samples, a paired
t-test was carried out to compare detection accuracy between the two mod-
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els. The analysis confirmed that SR-YOLOvV5s significantly outperforms
the baseline, achieving a mean mAP50 of 93.27% =+ 0.80% compared to
84.86% =+ 1.14% (mean difference = +8.40% + 1.32%, p < 0.001).
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Figure 4.17. Statistical evaluation of SR-YOLOv5s Vs. baseline YOLOv5s

Figure 4.17 summarizes the statistical comparison between SR-
YOLOv5s and the YOLOv5s baseline over 100 bootstrap resamples of the
test set. The boxplot (top-left) indicates a higher median and reduced
dispersion for SR-YOLOVb5s; the paired scatter (top-right) lies almost
entirely above the equality line, evidencing a systematic advantage on a
per-resample basis. The distribution of paired differences (bottom-left) is
shifted to the right of zero, with an average increase of approximately 0.084.
The per-iteration traces (bottom-right) further confirm the persistence of
this gap across resamples. Taken together, these results demonstrate a
substantial and robust improvement of SR-YOLOv5s over the baseline.

Table 4.3 reports the detection performance of YOLOv5s on both
HR-ShipRSImage and LR-ShipRSImage, along with results for a ReL U-
based variant and the proposed SR-YOLOv5s model. While the original
YOLOv5s achieves the highest accuracy on high-resolution images, per-
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formance degrades markedly on low-resolution data, particularly due to
the increased prevalence of very small and small objects. SR-YOLOv5s
effectively mitigates this degradation, not only closing the performance
gap but also outperforming the ReLLU-based YOLOv5s variant on the HR
dataset, despite operating on LR inputs. This highlights the ability of the
super-resolution backbone to recover critical spatial details.

Table 4.3. Vessel detection accuracy

Model Input size Parameters mAP50 mAP50:95
YOLOv5s (Original) 208 7,012,822 0.854 0.661
YOLOvV5s (Original) 416 7,012,822 0.935 0.792
YOLOv5s (ReLU) 416 7,012,822 0.920 0.761
SR-YOLOV5s 208 7,029,782 0.927  0.764

Figure 4.18 presents the confusion matrices obtained on the HR-
ShipRSImage and LR-ShipRSImage test sets, each comprising 1,402
annotated instances of the class ship, evaluated using the baseline
YOLOv5s and the proposed SR-YOLOv5s models. All evaluations were
conducted at an IoU threshold of 0.6 and a confidence threshold of 0.4. The
results indicate a marked degradation in the number of True Positives (TPs)
detected by YOLOv5s when applied to the LR dataset, primarily due to
the increased presence of small and very small targets. This degradation is
accompanied by a rise in both False Positives (FPs) — background regions
erroneously classified as ships — and False Negatives (FNs), where actual

ships fail to be detected.

Confusion Matrix

Confusion Matrix Confusion Matrix
YOLOVSs on LR

YOLOVSs on HR SR-YOLOVSs on LR

111 173

Ship

54

Ship
Ship

Prediction
Prediction
Prediction

324

163

165

Background
Background
Background

Ship Background Ship Background

Ship Background
True

True True

Figure 4.18. Confusion matrices
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By incorporating SR-Backbone, SR-YOLOv5s substantially improves
detection performance, achieving a higher TP count on the LR dataset than
the baseline model achieves on the HR dataset. Additionally, SR-YOLOv5s
demonstrates a significant reduction in FP compared to the baseline on
the same LR test set, underscoring the effectiveness of the learned super-
resolution stage in recovering discriminative spatial details.

Figure 4.19 illustrates a representative case of a FN in the baseline
YOLOv5s due to partial cloud occlusion and the corresponding improvement
with SR-YOLOv5s. From left to right, the baseline YOLOv5s fails to detect
the vessel (false negative), the ground-truth bounding box is shown for
reference, and SR-YOLOvV5s correctly detects the vessel with high confidence
under the same conditions.

False

Negative

YOLOvVSs Ground Truth SR-YOLOVSs

Figure 4.19. Detection results under cloud occlusion

In the right panels of Figure 4.20, the baseline YOLOv5s produces spu-
rious detections where the water—shore interface and man—-made structures
form high—contrast, repetitive patterns. These textures mimic ship-like
cues at low scale, triggering false positives. By contrast, SR-YOLOv5s (left)
suppresses such responses: super-resolution reconstructs sharper contours
and finer appearance details, allowing the detector to discriminate true
targets from background clutter and to reduce the number of false alarms.

In Figure 4.21, several vessels shrink to only a few pixels and become
heavily pixelated; the baseline model (right) frequently fails to localize them
(false negatives) or assigns very low confidence. Applying super-resolution
(left) effectively maps these very small instances from the low-resolution
space to a higher-resolution representation, restoring discriminative cues
and yielding consistent, higher-confidence detections.
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The total number of FPs is inherently sensitive to the selected confidence
threshold. As shown in Figure 4.22) reducing the confidence threshold to
0.3 increases the mAP50 for SR-YOLOv5s up to 0.936 by allowing more
detections to be counted as TP. However, this improvement comes at the
cost of a considerable increase in FPs, which may compromise the model’s
reliability in alert-triggering applications. Conversely, adopting a more
stringent confidence threshold results in a lower number of FPs but leads to
an increase in FNs and a consequent reduction in mA P50 to approximately

0.89.
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Figure 4.22. SR-YOLOv5s confusion matrices vs. confidence threshold

To further suppress FPs, a lightweight post-classification module based
on ResNet-18 [80] was trained to discriminate between true and false detec-
tions produced by SR-YOLOv5s. The model was optimized using binary
cross-entropy loss with the Adam optimizer over 100 epochs. Training
samples were extracted from SR-YOLOv5s predictions using a low con-
fidence threshold, and cropped regions were resized to 224 x 224 while
preserving the aspect ratio. The classifier was applied to predictions with
confidence scores below 0.5, resulting in a modest improvement in overall
detection accuracy to 0.928 (mAP50). While the performance gain was
limited—potentially due to class imbalance in the training data—these
findings suggest that post-hoc binary classification can enhance precision
and merits further exploration.

Table 4.4 reports the mAPS50 results obtained with SR-YOLOv5s and
the baseline YOLOv5s on the LR-CloudyTest dataset, as well as on the
ship subset derived from the MASATI dataset. The results demonstrate the
ability of SR-YOLOv5s to achieve comparable or slightly better performance
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Table 4.4. mAP50 results on LR-CloudyTest and MASATT (Ship)

Model LR-CloudyTest MASATI-ship
YOLOv5s 0.610 0.529
SR-YOLOv5s 0.660 0.751

than the baseline on the synthetic cloudy dataset, suggesting that the
super-resolution backbone does not introduce semantic artifacts during
upsampling. This is likely due to the end-to-end training process, which
enables the model to preserve detection-relevant features.
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Figure 4.23. Confusion matrices on LR-CloudyTest

Figure 4.23 reports, for the LR-CloudyTest dataset, the confusion ma-
trices of SR-YOLOvV5s and the baseline YOLOv5s, summarizing true/false
positives and negatives and indicating the overall reduction of false alarms
and missed detections achieved by the super-resolution model. Complemen-
tarily, Figure 4.24 provides qualitative examples: correct detections (top),
a representative false positive (top-right), and challenging false negatives
(bottom-right) under heavy cloud occlusion. Taken together, the two figures
highlight both the difficulty posed by severe atmospheric degradation and
the improved target localization delivered by SR-YOLOvV5s.

SR-YOLOvV5s outperforms the baseline YOLOv5s also in terms of de-
tection accuracy on the MASATI-ship subset, demonstrating the model’s
ability to generalize to new and heterogeneous operational domains, distinct
from the original training distribution. As illustrated in Figure 4.25, the
model accurately detects ships under a wide range of visual conditions,
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Figure 4.24. SR-YOLOv5s results on LR-CloudyTest

Figure 4.25. SR-YOLOvV5s results on MASATI-ship subset
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including variations in water texture, color, background clutter, and wake
patterns, while also minimizing false positives and reducing the number of
false negatives compared to the baseline. Specifically, red boxes indicate
SR-YOLOV5s predictions (with confidence scores); yellow dashed boxes
highlight ground-truth ship instances missed by the detector (false nega-

tives).
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Figure 4.26. Confusion matrices on MASATI-ship subset
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Figure 4.27. SR-YOLOvV5s results on MASATI-water subset

This finding is further supported by the confusion matrices shown in
Figure 4.26, where SR-YOLOv5s exhibits a higher true positive rate and
a lower number of false positives compared to the baseline model. (Left:




4.3. REsuLTs

95

SR-YOLOV5s on MASATI (ship)
False Positive

ResNet18
Binary Classifier

G

S R

Figure 4.28. Binary classification on SR-YOLOv5s detections.
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Finally, SR-YOLOv5s was evaluated on the MASATI-water subset,
which contains no ship instances, to assess the impact of FPs relative
to the baseline. Out of 1,022 images, SR-YOLOvbs produced 32 false
detections, improving upon the 42 FPs generated by the baseline YOLOv5s.
When the binary classifier was applied to low-confidence predictions, the
number of FPs was further reduced to 20. Figure 4.27 shows representative
examples of FPs and challenging background textures that caused incorrect
detections.

Figure 4.28 illustrates the binary post-classification applied to an FP.
A false positive generated by SR-YOLOv5s on MASATI-ship is cropped,
resized to 224 x 224, and passed to a ResNet-18 binary classifier. The
classifier correctly rejects the candidate (no-ship), thereby filtering spurious
detections induced by strongly textured sea backgrounds.

4.3.2 Hardware Deployment

Table 4.5 compares the performance of the SR-YOLOv5s model deployed
on the NVIDIA A100 GPU, the embedded NVIDIA Jetson Orin Nano
GPU, and the PolarFire SoC Video Kit. The evaluation focuses on key
performance metrics, including accuracy (mAP50), inference speed, and
estimated power and energy consumption. In addition, we introduce
the ratio of detection accuracy to power consumption as a comparative
metric. This provides further insight into the efficiency of each hardware
implementation, emphasizing not only absolute detection performance
but also how effectively computational resources and available energy are
utilized.
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The assessment of the average and maximum power demand of the
SR-YOLOv5s algorithm was conducted by executing the inference process
200 times on a single input image. This approach allows the accurate
determination of the mean values for both metrics, focusing exclusively on
the inference phase.

Despite the quantization process, the detection performance of the
SR-YOLOvV5s on the PolarFire SoC closely aligns with that obtained at
full precision, exhibiting only a marginal reduction in accuracy. However,
the quantization performed by the TensorRT library introduces a slightly
more pronounced decrease in accuracy compared to that produced by
the VectorBlox Quantizer. This indicates a superior capability of the
quantization tool provided by Microchip for optimizing the model relative
to its TensorRT counterpart.

Table 4.5. Comparative benchmark of AT inference engines

Device Prec. mAP50 Inference Avg. power Avg. energy mAP50/W
speed  consumption  per frame
A100 FP32 0.927 7.30ms 53.04 W 384.2 0.017
mJ/frame
Jetson FP32 0.927 20.80ms 10.50 W 218.4 0.087
Orin Nano mJ/frame
(15 W)
Jetson FP16 0.916 18.07ms 10.50 W 189.7 0.087
Orin Nano mJ/frame
(15 W)
Jetson INT8 0.843 16.00ms 6.51 W 104.2 0.127
Orin Nano mJ/frame
(15 W)
Jetson INT8 0.843 23.54ms 6.30 W 148.3 0.132
Orin Nano mJ/frame
(TW)
PolarFire INT8 0.916 55.00ms 2.46 W 135.3 0.366
SoC mJ/frame

Although model pruning was considered in this work, only an unstruc-
tured pruning operation was applied, with the objective of evaluating its
impact on the model’s accuracy rather than on computational performance.
In unstructured pruning, individual weights are set to zero without altering
the original dimensionality of the tensors. As a result, when the model is
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deployed on hardware accelerators such as the CoreVBX, the convolution
operations are still computed over the full parameter matrices, including
zero-valued weights. This implies that the computational workload remains
effectively unchanged, since the execution units do not inherently skip over
pruned weights unless explicitly designed to exploit sparsity. Consequently,
the applied pruning strategy does not yield a significant measurable speedup
on the target architecture.

Nevertheless, experimental results on the LR-ShipRSImage test set
show that unstructured pruning of 30% of the convolutional filters leads
to a limited drop in accuracy, with mAP50 decreasing to 0.885. When
the pruning ratio is increased to 50%, performance degrades significantly,
with mAP50 falling to 0.511. However, retraining the pruned model
(30%) for 100 epochs enables recovery of the original performance, with
mAPS50 reaching 0.923. This result highlights the potential of pruning
as an effective compression strategy, provided that a fine-tuning phase
is included after pruning. It also motivates the adoption of structured
pruning techniques that can effectively translate into reduced computational
complexity and improved runtime efficiency when deployed on hardware
accelerators. Future work will therefore explore the integration of structured
pruning and subsequent model compilation using the VectorBlox SDK,
in order to fully exploit the computational advantages of the CoreVBX
architecture.

The NVIDIA A100 was evaluated exclusively as a cloud-hosted resource
on Google Colab, without physical access for direct instrumentation. Conse-
quently, power consumption was estimated using the NVIDIA Management
Library (NVML) [100, 152] library through the pynvml Python interface.
NVML provides telemetry from on-board sensors, allowing access to power
registers derived from current and voltage measurements to generate power
traces. The obtained estimates indicate an average power consumption of
approximately 53 W, with observed peaks reaching 55.6 W. Since NVIDIA
does not disclose details regarding sensor sampling rates or filtering, the
reported measurements may not be fully synchronized with kernel execution,
potentially leading to a slight underestimation of both average and peak
power values.

For the PolarFire SoC, a hybrid power evaluation methodology was
employed, combining Microchip’s SmartPower Analyze [136] with direct
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1

Figure 4.29. SR-YOLOv5s power profile on PolarFire SoC

dynamic power measurements. SmartPower, integrated within the Libero
Design Suite [90], provided a static power estimate of approximately 1.3 W
for the target design (excluding DDR idle power). Dynamic power during
inference was measured on the PolarFire SoC' Video Kit by executing the
SR-YOLOv5s application while monitoring board current using a LeCroy
WavePro 7100 digital oscilloscope [107] and a current probe. The test
application loads a JPEG image from non-volatile memory, configures the
CoreVBX accelerator, and performs 200 consecutive inference iterations
on the same image, subsequently printing detected bounding boxes to the
serial terminal.

Figure 4.29 depicts the measured power profile of the PolarFire SoC
Video Kit during testing. The dynamic power during inference—i.e., the
increment over idle—averages 1.16 W, with instantaneous peaks up to
2.6 W. The total average power reported in Table 4.5 is obtained by adding
the SmartPower-estimated static component ( 1.3 W) to the measured
dynamic component, yielding 2.46 W.

The Jetson Orin Nano’s power consumption was evaluated by executing
SR-YOLOv5s under three numerical precision modes—FP32, FP16, and
INT8—within the 15 W power configuration, and additionally assessing
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INTS8 performance in the 7 W mode. INT8 quantization was carried
out using NVIDIA TensorRT [151] through a post-training (dynamic)
quantization workflow. The validation set was employed as the calibration
dataset, consistent with the dataset used for VectorBlox SDK calibration,
to ensure methodological alignment across toolchains.

Static (idle) and dynamic (inference) power were characterized using the
on-board three-channel INA3221 power monitor [153]. Dynamic power was
estimated by repeatedly executing inference and measuring the incremental
current draw relative to the idle state, following the same protocol used for
the PolarFire SoC Video Kit.

In FP32, the Orin Nano drew an average power of approximately 10.5 W,
with peaks around 22.8 W. Switching to FP16 reduced latency while main-
taining a similar average power level, thus improving efficiency with only
a minor accuracy reduction. Under INTS8, average power decreased to
about 6.5 W in the 15 W mode and 6.3 W in the 7 W mode, with corre-
sponding peak values of roughly 12.6 W and 12.0 W, respectively. These
results highlight the expected latency—accuracy—energy trade-offs across
precision representations and demonstrate the efficiency gains achievable
with TensorRT-based post-training quantization on the Jetson Orin Nano.

CoreVBX executes inference at approximately 18 FPS, with a notably
lower average power consumption than both the NVIDIA A100 GPUs and
the embedded Jetson Orin Nano GPU for floating-point and INTS8 inference.
GPUs typically operate at very high clock frequencies (1-2 GHz or higher)
and sustain billions of operations per second thanks to massive parallelism
and high-bandwidth memory interfaces; however, this performance comes
at the cost of increased power consumption. By contrast, FPGAs operate
at lower clock frequencies—200 MHz in our design. Although quantization
reduces model complexity and the programmable logic accelerates neural-
network computations, the lower clock rate inherently limits operations
per unit time, leading to longer inference latency. Consequently, CoreVBX
exhibits slightly higher energy per frame than the Jetson Orin Nano op-
erating in 15 W mode with INTS8 inference. Conversely, when the Jetson
Orin Nano is set to 7 W mode, reduced tensor-core availability and lower
GPU frequency decrease computational throughput and extend inference
time, yielding inferior performance to the PolarFire SoC in both power
and energy consumption. Overall, the PolarFire SoC achieves superior
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Figure 4.30. SR-YOLOvV5s ship detections on PolarFire SoC Video Kit

efficiency in terms of accuracy per unit power (mAP50/power = 0.366).

Figure 4.30 presents representative detection outputs produced by SR-
YOLOv5s deployed on the PolarFire SoC, spanning diverse operational
scenarios including open sea, harbors, partial cloud occlusions, and varying
illumination conditions. The model yields high-confidence predictions with
accurate localization, even under degraded visual conditions, underscoring
its robustness and generalization capability.




Chapter

ANHEOQO for Autonomous
Navigation

In Chapter 4, the PolarFire FPGA is proposed as a computational
platform for deploying deep-learning models directly onboard spacecraft.
Specifically, a novel model named SR-YOLOvds, designed for small vessel de-
tection, is implemented to demonstrate inference speed and power efficiency
suitable for near-real-time information extraction from satellite imagery
under strict power constraints. The availability of the radiation-tolerant
PolarFire FPGA further enables the synthesis of the design into hardware
suitable for more demanding space missions. This chapter also highlights
the additional benefits of employing FPGAs for onboard Al acceleration.
Accelerators based on overlay architectures—such as CoreVBX—implement
a general-purpose processing engine within the FPGA fabric, allowing multi-
ple neural networks to operate on the same hardware through software-level
updates without the need for bitstream reloading. As discussed in Chap-
ter 3, the capability to reconfigure programmable logic without any physical
hardware modification enables post-deployment functional upgrades, in-
cluding the addition of new NN operators or even the implementation of
entirely new accelerator architectures.

From a lifecycle perspective, this significantly reduces mission costs
by allowing firmware-based adaptation to evolving computational require-
ments—particularly valuable for long-duration missions where objectives
and algorithms may change over time. As reported in [165], RT PolarFire
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devices support up to 500 in-orbit reprogramming cycles, ensuring sufficient
endurance for mission-critical updates throughout a satellite’s operational
lifetime.

In the context of space systems, this dual-level flexibility enables both
model updates—deploying refined networks trained on newly acquired
data—and strategic hardware evolution through in-flight bitstream replace-
ment. Figure 5.1 summarizes these advantages, illustrating the model-level
flexibility provided by overlay architectures and the hardware-level recon-
figurability achieved through bitstream updates, which together enable
continuous adaptation of onboard Al capabilities during the mission.
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Figure 5.1. FPGA deployment advantages: model-level flexibility and
hardware-level reconfigurability.

A representative implementation of this paradigm is the ANHEO unit,
which leverages reconfiguration capabilities to instantiate custom accel-
erators on demand. The following sections describe the ANHEO system
architecture, the vision-based relative navigation pipeline implemented,
and a case study demonstrating the practical benefits of bitstream recon-
figurability through the upgrade from CoreVBX version 1 to version 2 for
optimized satellite pose-estimation performance.

5.1 ANHEO System Overview

The ANHEO system is a highly integrated navigation unit designed for
autonomous absolute and relative navigation of nano- and microsatellites
across orbits extending from LEO to lunar altitudes. Developed under
the lead of TSD-Space, in collaboration with the University of Naples
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Federico II and the Italian Center for Aerospace Research (CIRA), and
funded by the ASI, the system has reached TRL 4 through an elegant
BreadBoard (B/B) demonstration unit.

Designed for integration within 6U-12U CubeSat platforms, ANHEO
features an extremely compact 0.8 U form factor (95 x 95 x 80 mm?) and
a total mass below 0.8 kg. Power consumption is limited to approximately
10 W. Figure 5.2 shows the elegant B/B demonstration unit of the ANHEO
system.

Figure 5.2. ANHEO elegant B/B

5.1.1 System Architecture

The ANHEO architecture comprises five interconnected modules, as
illustrated in Figure 5.3: the Data Handling Main Board (DHMB), the Data
Handling Daughter Board (DHDB), the Hardware Accelerator Board (HA),
the Power Conditioning & Distribution Module (PCDM), and the I/O
Interface Board (IOB).

All subsystems are physically arranged and interconnected to optimize
volume utilization and maximize component density, allowing the entire
system to fit within a compact form factor. The DHMB and IOB are
connected through a flexible PCB, which makes it possible to orient the
two rigid sections and maintain a precise spacing between them — a
configuration that would not be achievable using conventional inter-board
connectors. The remaining boards are interconnected via high-density,
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high-data-rate micro-miniature board-to-board connectors, ensuring both
electrical reliability and robust mechanical integration.

This compact integration allows the entire system to fit within the 0.8 U
form factor (1U: 10 x 10 x 10 cm).

RT PolarFire SoC ~ HA

RISC-V  CoreVBX /0

(RISC-V Soft IP Core)

oV Soh [Coow ]

DHDB |

PCDM

Figure 5.3. ANHEO system architecture

The system provides comprehensive interfaces to the spacecraft sub-
systems: the OBC, the Attitude and Orbit Control System (AOCS)/GNC
subsystem (sensors and actuators), an external IMU, a GNSS receiver,
a Star Tracker (STR), up to two cameras, an inter-satellite-link (Inter-
Satellite Link (ISL)) transceiver for cooperative navigation data exchange,
and the payload data transmitter for image downlink.

Functionally, ANHEO integrates data from multiple onboard sensors to
determine both the satellite’s orientation and its position in space with high
precision. It combines measurements from a GNSS receiver, an IMU, and
a star tracker to continuously estimate the satellite’s attitude and orbit.

For operations involving another spacecraft, the system performs relative
navigation by processing visual data acquired by one or two monocular
cameras. A wide-field camera provides situational awareness and long-range
detection of the target, while a narrow-field camera enables high-precision
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tracking and pose estimation at closer distances.

When the target is cooperative—meaning it also carries GNSS and
inter-satellite link (ISL) capabilities—the system fuses visual data with
dual-receiver GNSS measurements to improve robustness in degraded con-
ditions (such as weak signals, temporary occlusions, or multipath) and to
accelerate carrier-phase integer ambiguity resolution, thereby enhancing
ranging accuracy.

In non-cooperative cases, where the target lacks communication or
navigation aids, Al-based computer-vision algorithms are employed to
estimate its relative pose directly from camera images. The final outputs,
including absolute and relative position, velocity, and orientation, are
delivered together with uncertainty metrics and health flags for integration
within the spacecraft’s AOCS and GNC systems.

5.1.2 Data Handling and Processing Modules

The DHMB constitutes the core processing subsystem, hosting a
radiation-tolerant PolarFire FPGA. This non-volatile, flash-based 28 nm
device provides 481 k logic elements, 33 Mbit embedded RAM, 1480 DSP
blocks, and 24 multi-gigabit transceivers supporting line rates up to
10 Gbits~!. As analyzed in Chapter 3, compared to SRAM-based alterna-
tives, the RT PolarFire family exhibits approximately 50% lower power
consumption and near-immunity to configuration SEU [217].

Within the programmable logic, a soft-IP RISC-V CPU [130] executes
the application software and coordinates dedicated VHDL modules for
high-throughput I/O and control. The DHMB receives commands from the
OBC, performs pre-processing of measurements from GNSS, IMU, STR,
and ISL sources, manages video streams from wide-angle and narrow-angle
cameras (including pixel equalization and compression), and orchestrates
activation of the HA for computationally intensive Al-based tasks.

The HA leverages the RT PolarFire SoC, as shown in Figure 5.4. The
subsystem features a compact PCB design integrating the SoC with 2 GB
DDR4 memory for the RISC-V hard-core microprocessor and an additional
4 GB DDR4 memory dedicated to the FPGA fabric, ensuring sufficient
memory capacity to support execution of high computational workloads.
This architecture enables execution of complex algorithms for autonomous
navigation, including vision-based navigation powered by the CoreVBX
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neural network accelerator.
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Figure 5.4. ANHEO hardware accelerator

5.2 Vision-based Relative Navigation

The ANHEO architecture incorporates monocular camera sensing to
enable autonomous relative navigation during proximity operations with
uncooperative but geometrically known target satellites. The objective
is to provide real-time estimates of the target’s relative translational and
rotational state parameters with respect to the approaching satellite. The
proposed method leverages CNNs to extract pose parameters—relative
position and attitude—from monocular imagery through a multi-stage
processing pipeline.

5.2.1 Neural Network Pipeline

The processing pipeline, illustrated in Figure 5.5, employs two state-of-
the-art CNNs performing complementary tasks. The vision-based relative
pose estimation algorithm was developed by the Department of Aerospace
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Engineering at the University of Naples Federico II as part of the ANHEO
project, and is described in detail in [145]. Images of the target satellite
are acquired by the sensor and processed sequentially through detection
and keypoint localization stages before pose estimation and state filtering.
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Figure 5.5. Relative pose estimation pipeline [145]

First, a modified YOLOv5su network [213] trained on synthetic data
performs target detection, outputting the bounding box enclosing the
satellite along with an associated confidence score. The cropped image
region is subsequently processed by a YOLOuv8s-pose network [216], also
trained on synthetic data, to detect and localize 33 natural keypoints on the
ENVISAT satellite surface (assumed as the representative target). These
keypoints include corners of the main body, solar panels, antenna structures,
and geometric shape centers. The network outputs 2D coordinates for each
keypoint along with visibility flags and confidence scores, enabling geometric
reconstruction even for partially occluded features.

Pose parameters are estimated by mapping filtered 2D keypoint co-
ordinates (selected via confidence thresholding) to their corresponding
known 3D positions in the target body-fixed reference frame. The esti-
mation employs the Efficient Perspective-n-Point (EPnP) algorithm for
initialization and Levenberg-Marquardt optimization when a pose prior is
available. Finally, the resulting pose measurements are integrated into a
loosely-coupled Multiplicative Extended Kalman Filter (MEKF) to estimate
relative position, velocity, attitude, and angular velocity between the two
satellites.
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5.2.2 YOLOv5su Architecture

YOLOv5u represents an enhanced evolution of the YOLOvV5 architecture
(outlined in Section 4.1.2), characterized by a unified, anchor-free detection
strategy. The “u” suffix denotes the removal of predefined anchor boxes
while preserving comparable detection accuracy. Although the network
supports both object detection and instance segmentation, within the
proposed pipeline it is configured solely for object detection, providing
bounding boxes and confidence scores for target identification.

Structurally, the model retains the core components of YOLOv5: a
CSPDarknetb3 backbone for feature extraction, a multi-scale feature fusion
neck combining PANet and FPN elements, and non-maximum suppression
(NMS) for post-processing. Its main innovation lies in the anchor-free,
objectness-free split head—a design paradigm first introduced in YOLOv8—
which refines the trade-off between accuracy and speed.

Traditional anchor-based detectors depend on predefined bounding
box templates to guide predictions, requiring dataset-specific anchor tun-
ing through clustering algorithms (e.g., K-Means) and extensive hyperpa-
rameter optimization. While effective, increasing the number of anchors
raises computational costs and limits generalization across datasets [104].
YOLOv5Hu overcomes these constraints by directly regressing bounding box
coordinates and learning object presence probabilities end-to-end. This
approach simplifies the training process, reduces hyperparameter sensitivity,
and improves generalization to targets with diverse geometries. Empirical
evidence shows that anchor-free detectors achieve comparable or superior
accuracy while offering greater architectural flexibility [104].

Table 5.1 summarizes the comparative performance of YOLOv5s and
YOLOv5su on the COCO dataset. YOLOv5su achieves a marked improve-
ment in accuracy (mAPj5o.95 increasing from 37.4 to 43.0, a +14.9% rela-
tive gain) with moderate added complexity (+426.4% parameters, +45.5%
FLOPs). Inference latency rises by approximately 23% on CPU and shows
a similar increase on GPU (from 0.9 ms to 1.27 ms on an A100 with
TensorRT). Despite the higher computational demand, the resulting per-
formance boost is particularly valuable for satellite proximity operations,
where robust and accurate localization directly affects mission safety and
navigation precision. Moreover, the anchor-free design enhances adaptabil-
ity across varying target aspect ratios and observation distances, eliminating
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the need for dataset-specific anchor tuning.

Considering these factors, YOLOv5su was selected as the detection
backbone, offering a favorable balance between accuracy, robustness, and
computational efficiency—well suited for hardware acceleration on the RT
PolarFire FPGA platform.

Table 5.1. YOLOv5s and YOLOv5su Architectures Comparison

Input Size mAP** mAP"™ Inference Speed (ms) Params FLOPs

Model (pixels)  50-95 50  CPU AT00 (M) @) Ref
YOLOv5s 640 37.4 56.8 98 0.97 7.2 165  [214]
YOLOv5su 640 43.0 — 120.74 1.279 9.1 24.0  [215]

tV100 GPU, batch size 32. *ONNX Runtime on CPU. ¥TensorRT on A100.

5.3 Neural Network Deployment Strategy

Implementing the pose estimation pipeline on ANHEO required hard-
ware acceleration of both the YOLOv5su and YOLOv8s-pose models. This
section focuses on the deployment of YOLOvbsu, describing the transition
from an initial hardware /software co-design to a fully hardware-accelerated
implementation enabled through FPGA bitstream reconfiguration.

5.3.1 Initial Implementation with CoreVectorBlox v1

The first B/B prototype was developed using CoreVBX version 1, which
did not support several neural network layers and activation functions re-
quired by the original YOLOv5su architecture. In particular, the SiLU
activation function introduced by Ultralytics was unsupported, and had to
be replaced with ReLU (as detailed in Section 4.2.2). Moreover, the con-
catenation operation within the prediction head—responsible for merging
feature maps across three scales along axis 2—was incompatible with the
available CoreVBX hardware primitives.

To overcome these limitations, a hardware/software co-design approach
was adopted. The model was first converted from PyTorch to ONNX
format, with only the backbone and neck layers mapped for hardware
execution. The CoreVBX accelerator was configured to perform feature
extraction (backbone) and multi-scale feature fusion (neck), producing
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three feature maps—P3, P4, and P5—with spatial dimensions of 80 x 80,
40 x 40, and 20 x 20, respectively. These maps were optimized for detecting
objects at different scales.

The prediction head and post-processing stages were instead executed
in software on the RISC-V multiprocessor, handling confidence scoring,
bounding-box regression, thresholding, and non-maximum suppression
(NMS) to generate final detections. Figure 5.6 illustrates this partitioned
workflow, highlighting the division between the hardware-accelerated layers
(backbone and neck on CoreVBX) and the software-executed components
(prediction head and NMS on RISC-V). Although this hybrid design en-
abled full functionality despite hardware constraints, it incurred significant
performance penalties due to software processing overhead.

CoreVBX RISC-V
Backbone
C5/32 Cs P No Filtered i
C3/81 - O3 P3
C24 ¢ !
cin
Input

Figure 5.6. YOLOvb5su inference workflow

5.3.2 Bitstream Reconfiguration

Microchip’s subsequent release of CoreVBX version 2 introduced ex-
tended support for additional layer types and activation functions, en-
abling full hardware acceleration of modern CNN architectures. To exploit
these enhancements, a revised ANHEO implementation was developed,
integrating the latest CoreVBX [89] to accelerate the entire YOLOv5su
pipeline without any software fallback. This upgrade delivers substantial
improvements in inference throughput—critical for real-time relative navi-
gation—while significantly reducing per-frame energy consumption, thereby
meeting CubeSat power budget constraints.

The upgrade to version 2 was done solely via FPGA bitstream recon-
figuration, with no changes to the acceleration board. This underscores
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the flexibility and field-upgradability of FPGA platforms—crucial in space,
where hardware cannot be replaced and in-flight updates are needed to
adapt or fix anomalies.

CoreVectorBlox v2 Architecture

Both CoreVBX releases share the same overlay concept: a single hard-
ware instantiation executes multiple neural networks through a soft MXP
processor and a dedicated CNN accelerator, orchestrated by an internal
RISC-V Mi-V microcontroller that parses the network BLOB. While the
three standard configurations (V250, V500, and V1000) remain available,
version 2 introduces several architectural refinements. As summarized in
Table 5.2, vector processor widths were reduced (from 128-bit to 64-bit
for V250, and from 256-bit to 128-bit for V500), and the CNN accelerator
array dimensions were scaled down (16 x 16 to 16 x 8 for V250, 16 x 32 to
16 x 16 for V500, and 32 x 32 to 32 x 16 for V1000).

Table 5.2. CoreVectorBlox Processor Size Configuration Details

Config. Vector Proc.  Vector CNN Accel.
Width Scratch.  Array Size

V250 64-bit 64 kB 16 x 8
V500 128-bit 128 kB 16 x 16
V1000 256-bit 256 kB 32 x 16

Collectively, these architectural refinements reflect Microchip’s design
philosophy of extending hardware compatibility to a broader range of
modern network operations while maintaining a constrained logic footprint.
To accommodate new layer types and activation functions, the convolution
pipeline was moderately simplified, resulting in slightly lower peak efficiency
but significantly higher deployment flexibility across heterogeneous CNN
architectures.

The upgrade also represents a major step forward in the modernization
of the software toolchain. In SDK 1.x, OpenVINQO’s infrastructure was
employed to convert networks from various frameworks (TensorFlow, Caffe,
PyTorch, and ONNX) into the OpenVINO Intermediate Representation,
subsequently processed through generate_ vnnz to produce BLOBs. This
workflow required managing both firmware and network-specific BLOBs,
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with mandatory firmware reloading after each accelerator reset.

In contrast, SDK 2.x introduces a streamlined conversion pipeline based
on TensorFlow Lite, replacing the dual-BLOB architecture with a single
unified network BLOB. This simplification greatly improves deployment
efficiency and runtime flexibility: firmware reloads are no longer needed,
memory management is simplified, and model switching can be performed
dynamically. Such improvements considerably enhance maintainability and
make the framework particularly well-suited for multi-model applications
that benefit from in-field reconfiguration.

CoreVectorBlox Comparison

Table 5.3 compares the two CoreVBX versions in terms of inference
speed and power consumption when accelerating the same model. The
reduced 2D array of PEs and the narrower vector-processing width in the
newer CoreVBX architecture lead to a modest decrease in peak throughput
(cf. Release 1 vs. Release 2). Specifically, for YOLOv5s-ReL U, the end-to-
end inference time on CoreVBX 2 is only slightly lower than on CoreVBX 1,
despite the more recent design.

This behaviour can be attributed to the additional hardware support
for new functionalities and operators, which introduces extra computational
complexity and scheduling overhead. Accordingly, the measured dynamic
power increases slightly (from 1.16 W to 1.32 W), highlighting a trade-
off between energy efficiency and architectural flexibility. In this sense,
CoreVBX 2 is less specialised for certain operations than its predecessor,
but compensates by offering native acceleration for a broader range of
neural-network layers and models, thereby expanding the set of topologies
that can be efficiently deployed and optimised.

Table 5.3. Performance Comparison of YOLOv5s—ReLU Across CoreVector-
Blox Versions

Model Accel. Core CNN Speed Power Consumption
YOLOv5s — ReLU  CoreVBX 1 ~55.00 ms 1.16 W
YOLOv5s — ReLU  CoreVBX 2 ~59.56 ms 1.32 W

Additionally, Table 5.4 reports the benchmarking results for the
YOLOV5 nano model and its enhanced variant (YOLOv5nu), comparing
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the performance of CoreVBX versions 1 and 2 to evaluate their compu-
tational efficiency, while also highlighting the latency introduced by the
post-processing stage.

Both models were pre-trained on the COCO dataset containing 80 object
classes. CoreVectorBlox v2 introduces support for advanced architectural
features, including the SiLLU activation function, which was not natively
supported in the instruction set of the first release. This added flexibility
enables the deployment of modern model architectures optimised for higher
accuracy, but also introduces non-negligible performance implications when
executing networks not specifically tuned for the new hardware constraints.

The performance degradation observed in the post-processing of
YOLOv5s with the SiLLU activation function—compared to its ReLU-based
counterpart—stems from fundamental differences between the two activa-
tions. As shown in Figure 5.7, ReLLU features a sharp discontinuity at zero,
completely suppressing negative inputs and yielding sparse activations.

= -3 -2 -1 0 1 2 3 4
)

Figure 5.7. Comparison between SiLU and ReLU activation functions

Conversely, SiLU is a smooth, continuously differentiable activation
function characterised by a gentle, non-monotonic curve that allows small
negative outputs and gradual activation around the origin. Unlike ReLU,
which abruptly zeros out all negative inputs, SiLU preserves a low-level
response even for slightly negative values. This smoother behaviour reduces
sparsity in intermediate feature maps, leading to denser activation patterns
across the network. Consequently, SiLLU-based models tend to produce a
larger number of detection candidates whose confidence scores exceed the
predefined threshold during inference.

Since the computational cost of the NMS algorithm scales approximately
with the square of the number of input boxes (O(N?) in its naive form,
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or O(N log N) in optimised batched variants), an increase in the number
of candidates N has a super-linear impact on processing time [44, 28]|.
In practice, even a twofold increase in candidate detections can lead to
a post-processing latency greater than 2x due to the pairwise overlap
computations required between bounding boxes.

The INTS8 quantisation used in the VectorBlox toolflow further am-
plifies this effect: quantising the smooth SiLLU response curve, together
with the associated calibration shifts in activation distributions, often
results in overconfident objectness and class predictions. Consequently,
additional borderline detections surpass the confidence threshold, further
increasing the post-processing workload. Implementing Quantisation-Aware
Training [94]—in which quantisation effects are explicitly modelled during
training through simulated quantisation in the forward pass—could miti-
gate this issue by making weight distributions more robust to quantisation
noise. However, the current CoreVectorBlox SDK does not yet support this
feature.

The YOLOvbHnu variant, fully accelerated on CoreVectorBlox v2 with
native SiL.U support, exhibits higher CNN inference latency (~126.78 ms
for YOLOv5nu-SiLLU and ~51.6 ms for YOLOv5n-SiLLU versus ~20.9 ms
for YOLOv5n—ReLU). This difference arises primarily from two factors:
(i) YOLOvbSnu incorporates additional trainable parameters, increasing
the multiply—accumulate workload; and (ii) CoreVBX v2 supports new
operations, such as SiLLU activations and concatenations along axis 2, that
were previously executed in software. The computational complexity of
SiLU (x - o(x)) is inherently higher than that of ReLU (max(0, x)), partic-
ularly in INTS8 implementations that rely on lookup tables or polynomial
approximations for the sigmoid component [84].

Despite the higher computational cost of YOLOv5nu, the architectural
evolution yields substantial improvements in post-processing efficiency.
The anchor-free detection head fundamentally redefines the computational
paradigm: while the anchor-based YOLOvbn generates roughly three
candidate boxes per grid cell (corresponding to three anchor templates
per feature-pyramid scale), the anchor-free “u” head produces only one
candidate per cell, reducing the decoding workload by about 3x.

This reduction cascades through the entire post-processing pipeline,
producing cumulative benefits. With fewer outputs to decode, redundant
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operations—such as sigmoid evaluation, grid offset, and anchor transfor-
mations—along with associated INT8—FP32 conversions, are avoided.
Consequently, the NMS stage processes a much smaller candidate set, lead-
ing to faster overall execution. The anchor-free architecture simplifies the
decoding process itself by removing complex anchor-to-grid transformations
and reducing temporary memory usage. Finally, the updated loss functions
and detection head design in Ultralytics’ “u” variant yield better-calibrated
confidence scores, which help suppress false positives near the decision
threshold and further reduce the NMS computational load.

Notably, while SiLU activations tend to increase candidate counts
in conventional anchor-based architectures, the anchor-free head design
dominates this effect, resulting in an observed post-processing latency of
629.6 ms—approximately a 3x improvement compared to the 1908.6 ms
measured for YOLOv5n—SiLLU, despite both using the same activation
function.

Table 5.4. Model Performance Comparison Across CoreVectorBlox Versions

Model Accel. Core CNN Speed Post-Proc. Type RISC-V Latency
Yolovbn — ReLU CoreVBX 1  ~20.9 ms Anchor-based 802.7 ms
Yolovbn — SiILU  CoreVBX 2 ~51.6 ms Anchor-free 1908.6 ms
Yolovbnu — SiLU CoreVBX 2 ~126.78 ms  Anchor-free 629.6 ms

5.3.3  ANHEO Performance Evaluation

Table 5.5 presents YOLOvbsu performance on the satellite detection
task across CoreVBX versions. Metrics were obtained through direct power
measurements during 1000 inference cycles with batch size 1. Version 1
requires software execution of final head layers due to limited hardware
support, while version 2 enables full hardware acceleration, significantly
improving inference speed and reducing per-frame energy consumption.

Table 5.5. CoreVectorBlox Performance Comparison

Device Inference Avg. Dynamic Avg. Dynamic
Speed Power Energy

CoreVectorBlox vl + RISC-V  ~791.5 ms ~0.58 W ~459 mJ/fr.

CoreVectorBlox v2 ~240.5 ms ~0.96 W ~230.8 mJ/fr.
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Table 5.6 provides additional context by comparing ANHEO perfor-
mance with high-performance commercial hardware platforms. The compar-
ison reveals the substantial energy efficiency advantages of the FPGA-based
solution: while commercial CPU and GPU platforms achieve lower infer-
ence latency, they consume orders of magnitude more power. The Intel
Core 19 CPU requires ~7.0 J/frame, and the NVIDIA A100 GPU consumes
~3.0 J/frame, compared to ~0.6 J/frame for ANHEO with CoreVectorBlox
v2. Despite INT8 quantization causing only minimal accuracy degradation
(mAP50: 0.972 for FP32 vs. 0.962 for INTS8), the substantial energy savings
make the FPGA solution particularly well suited for power-constrained
satellite platforms.

Table 5.6. Performance Comparison Across Different HW Platforms

Device Prec. mAP50 Inference Avg. Avg.
Speed Power Energy
Intel Core i9 FP32 0.972 ~56 ms ~125 W ~7.0 J/fr.
A100 GPU FP32 0.972 ~10ms ~300 W ~3.0 J/fr.
ANHEO (CoreVBX vl + RISC-V) INT-8 0.962 ~791.5ms ~23 W ~1.8 J/fr.
ANHEO (CoreVBX v2) INT-8 0.962 ~240.5ms ~2.7W ~0.6 J/fr.

The results highlight the substantial performance gains achieved with
the CoreVBX v2 upgrade. Although the average dynamic power increases
moderately (from ~0.58 W to ~0.96 W), version 2 delivers an impressive
3.3x boost in inference speed (from ~791.5 ms to ~240.5 ms per frame)
thanks to full hardware acceleration. This enhanced throughput translates
into a notable 50% reduction in energy per frame (from ~459 mJ to
~230.8 mJ), underscoring the effectiveness of removing software execution
from the detection head.

The combined reduction in energy consumption and latency validates
the architectural upgrade as a decisive step forward. These improve-
ments are particularly advantageous for embedded space missions such as
ANHEO, where both energy efficiency and real-time responsiveness are crit-
ical. Achieving sub-second inference while maintaining energy consumption
below 231 mJ per frame positions CoreVBX v2 as a highly effective solution
for satellite-based object detection under continuous, power-constrained
operation.

Figure 5.8 illustrates representative detections performed by the
YOLOv5su model deployed onboard the ANHEO unit.
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Figure 5.8. Satellite Detection







Chapter

Conclusions and Future Work

The research presented in this thesis explores the integration of artificial
intelligence into reconfigurable computing platforms for space applications,
addressing the core challenges of performance, energy efficiency, and adapt-
ability in resource-constrained environments. The work encompasses the
design of lightweight neural architectures, the optimization of FPGA-based
acceleration frameworks, and their practical deployment within Earth ob-
servation and navigation systems, focusing on small satellites constrained
by limited power, mass, and volume. Accurate and timely target detection
through optical remote sensing is a cornerstone of modern monitoring
and surveillance, spanning both civilian and defense applications. In the
maritime domain, these include vessel tracking, detection of illegal fishing
and unauthorized migration, and support for search-and-rescue opera-
tions. Traditional Al-based remote sensing approaches, which rely on
ground-based image processing, often introduce significant latency between
data acquisition and actionable insights. This delay can hinder real-time
decision-making in critical maritime scenarios such as hazards and contin-
gency events.

To overcome this limitation, the work proposed a novel hardware ar-
chitecture based on the Microchip PolarFire System-on-Chip, enabling
low-power, real-time vessel detection directly onboard spacecraft. The
first major contribution introduced the SR-YOLOv5s model, a lightweight
object-detection network integrating a fully convolutional super-resolution
backbone to enhance small-object recognition in satellite imagery acquired
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under diverse maritime conditions, including varying sea states, cloud cov-
erage, haze, and complex coastal backgrounds. The model achieved a mean
mAP50 of 0.9272 4+ 0.0029, representing an 8.5% improvement over the
baseline YOLOv5s, with significant gains in detecting very small objects
(area < 7x7 pixels), where mAP50 increased from 0.2832 to 0.4658—a
64.5% improvement in detection capability. External validation on the
MASATTI dataset confirmed the model’s robustness and generalization
across diverse operational conditions.

Beyond algorithmic innovation, this thesis demonstrated the benefits of
performing Al inference directly on FPGA hardware. Using the PolarFire
SoC and the CoreVBX accelerator, the SR-YOLOv5s model achieved real-
time inference at approximately 18 fps with a dynamic power consumption
of only 1.16 W, yielding the highest accuracy-per-watt ratio among all
tested platforms, including the NVIDIA Jetson Orin Nano and the cloud-
based A100 GPU. These results confirm the practical viability of compact,
energy-efficient Al pipelines suitable for space missions using space-grade
hardware. The complete design, fully deployable on the radiation-tolerant
RT PolarFire SoC, provides a robust and reliable platform for executing
ATl workloads in harsh orbital environments, including long-duration or
GEO missions. The hardened quad-core RISC-V subsystem, capable of
running a full Linux environment, enables rapid software development,
advanced task management, and efficient orchestration of complex Al
pipelines through flexible hardware/software partitioning. The flash-based,
non-volatile configuration technology of the PolarFire family inherently
protects against configuration SEUs, ensuring stable operation even under
high-radiation exposure. Moreover, the device exhibits excellent tolerance
to TID effects—maintaining nominal performance well beyond standard
mission doses up to 100 krad—and strong SEL immunity with a LET
threshold of 68.2 MeV cm? mg™!.

A second major contribution concerned the design and integration of
the ANHEO system—an autonomous spacecraft navigation unit developed
by TSD-Space. The ANHEO elegant B/B integrates a PolarFire SoC with
a CoreVBX Al engine, enabling onboard deep-learning inference for visual
navigation within a compact 0.8 U form factor and a power envelope below
10 W. The demonstrated bitstream reconfigurability highlights the intrinsic
advantage of FPGA technology: the ability to evolve mission capabilities
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over time without hardware redesign. The transition from CoreVBX v1
to v2, achieved entirely through bitstream reconfiguration, resulted in a
3.3x performance increase and a 50% reduction in per-frame energy con-
sumption—underscoring the scalability and sustainability of the proposed
approach. Overall, these results demonstrate that FPGAs are not only
efficient and radiation-resilient but also fundamental in enabling upgrade-
able, and autonomous Al systems in orbit. The synergy between hardware
flexibility and algorithmic adaptability paves the way for a new class of
intelligent, reconfigurable spacecraft capable of responding dynamically to
evolving mission requirements.

Building on these results, several promising research directions emerge.
A first step involves embedding real-time detection and alert generation
directly within the payload camera electronics, enabling autonomous iden-
tification of relevant events such as ship movements, wildfire outbreaks, or
geological anomalies. These intelligent payloads could trigger selective data
transmission, drastically reducing downlink bandwidth while enhancing
mission responsiveness. The adoption of space relay links [111] for ultra-
light alert downlink—where information is condensed into just a few bytes
of metadata, such as a vessel’s coordinates—offers an efficient strategy to
ensure low-latency situational awareness in remote or bandwidth-limited
environments.

Future developments should also address data-transfer bottlenecks be-
tween high-throughput sensors and Al accelerators. Executing neural
inference directly at the FPGA level of the camera electronics can minimize
interfacing overhead with external COTS accelerators, thereby support-
ing true real-time responsiveness. Expanding on this concept, a modular
onboard processing pipeline may include adaptive pre-processing, super-
resolution, and detection stages (e.g., SR-YOLOv5 on CoreVBX), followed
by lightweight binary classifiers for false-positive filtering and contextual
alert logic based on environmental conditions and temporal consistency.

Onboard vessel detection could be further enhanced through data fusion
with the Automatic Identification System (AIS)—a VHF-based transponder
network broadcasting a vessel’s identity, GNSS-derived position, course,
speed, and status [186]. Correlating onboard detections with AIS signals
would allow identification of vessels appearing in imagery but absent from
AIS, i.e., dark vessels, highlighting potentially non-cooperative or anomalous
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behavior. At constellation scale, distributing this function across multiple
CubeSats enables persistent, wide-area coverage with short revisit times.
By performing inference and data triage on board—transmitting only event
summaries or alerts—the system can achieve high surveillance effectiveness
with markedly improved energy and downlink efficiency.

From a technological perspective, future efforts should focus on refining
the Al-hardware co-design workflow. Optimizing quantization through
quantization-aware training will enable mission-specific trade-offs between
accuracy, latency, and power. Furthermore, integrating structural pruning
techniques—removing entire filters or convolutional blocks rather than
individual weights—offers a promising means of reducing computational
load and memory footprint while preserving accuracy. Structural prun-
ing directly benefits FPGA architectures by simplifying scheduling and
maximizing parallel utilization, thereby improving performance-per-watt
efficiency.

Finally, this work outlines a roadmap for ultra-low-power, intelligent
vision systems in space. Achieving this vision will require coordinated co-
design across hardware-aware neural networks, reconfigurable accelerators,
and low-power optimization toolchains. As these technologies converge, they
will enable compact, autonomous, and upgradeable spacecraft capable of
operating reliably for extended durations in harsh environments—ultimately
redefining space exploration and Earth observation through onboard intelli-
gence.
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