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Abstract

This work discusses advancements in edge Al processing for critical sys-
tems, focusing on satellites. We explore hardware solutions for real-time and
autonomous data processing using Field Programmable Gate Arrays (FPGAs)
and Coarse-Grained Reconfigurable Arrays (CGRAs). The research outlines
critical systems’ challenges, such as power constraints, radiation tolerance,
and the need for reliable Al processing. The paper details the design and
implementation of an HDL-based GPU system on an FPGA and the FPGA-
Al framework that automates the design of Al accelerators on FPGA. Future
research focuses on extending neural network support and exploring collabo-
rations for tape-out opportunities of CGRA prototypes.

Keywords: edge Al, acceleration, space, satellite, critical systems, FPGA,
CGRA.

6.1 Introduction

In the rapidly advancing landscape of technological innovation, Artificial
Intelligence (AI) is proving to be a pivotal driver for enhancing system
autonomy and performance across a wide range of critical applications.
These include not only space-based systems, such as satellites used for Earth

127



128  Edge Al Acceleration for Critical Systems: from FPGA Hardware to CGRA

observation and scientific research [1], but also autonomous vehicles, defence
systems, healthcare technologies, and industrial automation. In these diverse
fields, large volumes of complex data must be processed efficiently and
in real-time to ensure timely decision-making, reliability, and operational
success.

For instance, satellites carry various advanced sensors like cameras,
radars, altimeters, scatterometers, and lidars, which produce huge volumes
of data to be processed and analysed. Conventionally, these systems rely on
limited onboard processing, where raw data is gathered in mass storage for
subsequent downlink to ground stations for further analysis. In any event,
with the increasing need for timely information related to Earth observation,
scientific missions, and space exploration, there is an ever-growing require-
ment for real-time data processing [2]. This paradigm shift places significant
pressure on the avionics subsystems to process and transmit larger quanti-
ties of data with minimal delay, necessitating a new approach to onboard
computing.

Similarly, in other critical systems such as autonomous vehicles, military
defence platforms, and medical devices, Al must function with extreme reli-
ability, power efficiency, and real-time responsiveness [3]. Current solutions,
such as data compression techniques or basic on-the-edge pre-processing,
are far from giving an adequate answer to these complex demands. Besides,
real-time Al processing in critical systems should be resistant to environ-
mental challenges: whether it is radiation tolerance for space systems, power
constraints for remote sensing equipment, or safety-critical computation in
autonomous driving.

The need for hardware accelerators capable of executing Al algorithms
with high efficiency, reliability, and adaptability is increasingly clear. Systems
like Field Programmable Gate Arrays (FPGAs) [4], [5] and Coarse-Grained
Reconfigurable Arrays (CGRAs) are emerging as leading candidates for such
tasks. Because they can support parallel processing, adapt to changing work-
loads, and provide low-power yet high-performance computation, they are
particularly suited to an environment where real-time responses and resilience
to failure are paramount.

As industry agendas such as ESA’s ‘Space for a Green Future’ vision for
2025 [6] look toward harnessing Al for environmental monitoring, disaster
response, and real-time analytics, these hardware solutions will play a key
role in advancing next-generation capabilities. Beyond space, applications
such as autonomous navigation, object detection, and emergency response in
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smart cities will require similarly robust, power-efficient Al systems that can
operate seamlessly in challenging environments.

Edge Al represents a promising solution for developing more autonomous
and real-time systems, paving the way for innovative applications that can
address the complex challenges of modern critical environments. As we look
towards a future with more autonomous and capable critical systems, Al will
play a pivotal role in transforming how we observe, interact with, and under-
stand them. However, it is well known that Al algorithms are computationally
intensive. Therefore, it is necessary to identify reliable hardware solutions
capable of supporting the execution of those algorithms in critical application
scenarios.

In the following sections, we will present three ongoing projects to
meet this technological need. In the short term, we propose an FPGA-
based approach with two possible solutions, the GPU@SAT project and the
FPG-AI project, a tool flow to automatically generate Convolutional Neural
Network (CNN) and Recurrent Neural Network (RNN) hardware accelerators
for FPGAs. In the long term, we propose the CGR-AI project to develop
a radiation-hardened Al heterogeneous processing platform relying on a
reconfigurable CGRA core.

6.2 State of the Art

Edge AI has garnered considerable interest among researchers in the field
of space applications, particularly for scenarios where algorithms requiring
acceleration must balance high-performance demands with stringent resource
constraints. The choice of technology is inherently application-specific and
driven by unique requirements, leading to a diverse array of proposed
solutions and hardware implementations in the literature.

FPGAs have emerged as energy-efficient platforms for executing artifi-
cial intelligence algorithms [4]. Their inherent hardware parallelism aligns
well with the computational demands of Al workloads. However, leveraging
FPGAs for neural network acceleration poses challenges, primarily due to the
significant engineering effort required to design custom, optimized hardware
accelerators. To streamline the development and experimentation of Deep
Neural Networks (DNNs) on FPGAs, several automation toolflows have been
introduced. Tools such as Microchip VectorBlox Al [7], AMD Xilinx Vitis Al
[8], and the MATLAB Deep Learning HDL Toolbox [9] support a wide range
of models, enabling users, even those without extensive FPGA expertise, to
efficiently deploy and accelerate DNNs on these platforms.
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Conversely, hardware platforms like Graphics Processing Units (GPUs),
which dominate commercial machine learning (ML) applications, are rarely
utilized in space missions. This is primarily due to their higher power
consumption and vulnerability to Single Event Latchups (SELs). Despite
the significant potential of deploying GPUs in space, particularly for Deep
Learning (DL) algorithms, to our knowledge, there have been no suitable
solutions specifically designed for satellites. Previous research [10], [11]
has primarily focused on evaluating the feasibility of using Commercial
Off-The-Shelf (COTS) GPUs, despite their inherent limitations for space
applications. Similarly, neuromorphic processors are gaining traction as a
promising alternative for space-based applications [12].

CGRAs offer a compelling compromise between flexibility and effi-
ciency. By combining spatial and temporal computation, CGRAs optimize
performance for specific Al workloads without necessitating task-specific
hardware redesign, achieving near-ASIC-level performance with software-
like reconfigurability. For instance, the work presented in [13] integrates ML
with CGRA compilation, significantly enhancing their accessibility and effi-
ciency for practical applications. Another noteworthy advancement is Eyeriss
v2 [14], a state-of-the-art DNN accelerator designed to enhance throughput
and energy efficiency for both large-scale models like AlexNet and compact
models such as MobileNet.

6.3 FPG-AIl: Automation Tool Flow for Efficient Deployment
of Pre-trained CNN/RNN Models on FPGA Technology

FPGAs are currently the most suitable solution for bringing efficient and
performant Al capabilities onboard space missions. The high degree of
parallelism offered by FPGAs is compatible with Al algorithms, allowing
for spatial pipelining and achieving high efficiency and performance [4].
Besides this, there are several commercial Radiation-Hardened by Design
(RHBD) FPGA solutions, which also make them a good option for space
applications. However, the development time for an Al algorithm on FPGAs
is long since these platforms involve high design effort with required intensive
optimization due to their narrow resource budgets.

This challenge has been partially addressed by developing automatic Al
accelerator generation frameworks [15]. These tools facilitate accelerating
DNNs on FPGAs by a wide variety of users without any expertise. That is
important because it reduces the development time while maintaining high
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performance, hence making the use of FPGAs for Al in space missions
possible.

FPG-AI [16] is a technology-independent toolflow for automating the
acceleration of DNNs onboard FPGAs. It takes as input a pre-trained DNN
model along with its application dataset. First, FPG-AI prepares the target
network for hardware acceleration by performing optimizations on model
topology and shifting arithmetic from Floating-point (FP) to Fixed-point
(FXP). Then, a Design Space Exploration (DSE) process selects in the
parameters space of the underlying architecture the point that meets the
additional constraints provided by the user on application metrics, resource
consumption, and performance. In this way, the generation of the target
accelerator will be automated, and FPG-AI will be an end-to-end, ready-
for-use tool while still keeping a high degree of customization concerning
the user directives. Once the set of parameters is identified, DSE produces a
configuration file for tuning the hardware architecture. The accelerator in the
case of FPG-AI is the MDE, which can be a fully handcrafted HDL-based
design that hosts no third-party IPs and can be customized according to the
available resource primitives of FPGAs. Thanks to these properties, the MDE
imposes no limit on device portability and allows, therefore, the implemen-
tation of components from different vendors with disparate resource budgets.
Presently, this tool supports AMD XILINX, Microchip, Intel ALTERA, and
NanoXplore FPGAs.

FPG-AI generates as output the HDL files describing an accelerator
customized for the given model and device that meets the additional directives
received by the user. Unlike other solutions, the toolflow provides the HDL
sources of the accelerator and not the final bitstream, allowing the user to
exploit the unused portion of the FPGA for complementary tasks. Figure 6.1
reports the block diagram of FPG-AI.

The FPG-AI framework is characterized by several key features that
make it highly effective for deploying Al in space missions. One of the
standout characteristics is technology independence, achieved through the
MDE architecture. This solution’s handmade HDL code without third-party
IPs allows it to target multiple FPGA vendors, making the tool particularly
suited for quickly supporting new devices.

Another significant feature is the high degree of scalability and cus-
tomization of the hardware accelerator core, which allows users to set
constraints on resource utilization (DSPs and on-chip-memories), infer-
ence time, and application metrics, tailoring the solution to the specific
requirements of the space mission.



132 Edge Al Acceleration for Critical Systems: from FPGA Hardware to CGRA

model.h5 lﬁ
Model ( - )
Compression v E&
mmm
Dataset , Target FPGA
Design Space E
\ ) Exploration
By user
Constraints
Config File
Generation By user

Modular
Deep Learning
Engine

Figure 6.1 FPG-AI block diagram.

The ease of System-on-Chip (SoC) integration is guaranteed by the
generation of an AXI Memory-Mapped accelerator which facilitates straight-
forward embedding into existing systems. In addition, FPG-AI’s accelerators
are completely autonomous during the computation of a neural network,
eliminating the need to split the workload with the host CPU, improving
efficiency and performance.

Currently, the FPG-AI solution supports Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs), [17] broadening its applica-
bility across different types of Al models. Combined with the aforementioned
features, this versatility positions FPG-AI as a robust and adaptable choice
for implementing Al in space applications, ensuring high performance and
reliability in challenging environments.

6.3.1 Network-in-Network (NiN) case study

In the following, implementation results are reported for an image processing
use case to exemplify the workflow of FPG-AI. The model selected for
this study is Network-in-Network, a commonly used CNN model for image
classification on the CIFAR10 dataset. Each image in CIFAR10 is a 32
x 32-pixel colour image, which means it has three colour channels (red,
green, and blue) for each pixel. These images are divided into ten classes,
with each class representing a different object or category. The NiN model
involves three triples of Convolutional layers with padding set to "same". The



6.3 FPG-AI: Automation Tool Flow for Efficient Deployment of Pre-trained 133

Convolutional layers are followed by a Global Average Pooling layer which
provides predictions. Table 6.1 summarizes the features of the NiN.

As a first step, the pre-trained model undergoes the Model Compression
process of FPG-AI to quantize the network and shift from FP to FXP arith-
metic. Initially, pre-analyses are carried out to study the effects on model
accuracy caused by different bit-width settings of each quantity within the
network. In particular, the input dataset quantization pre-analysis evaluates
the effects on the application metric depending on the input dataset bit-width
and identifies the input dynamic range.

* Weights quantization pre-analysis evaluates the effects on application
metrics depending on the weights bit-width and identifies the weights
and biases dynamic ranges.

* Activations quantization pre-analysis: studies the effects on application
metrics of different activation bit-widths by evaluating one layer at a
time and identifies the activation dynamic range.

Table 6.1 Model summary of Network-in-Network.

Model Summary
Model NiN
Type CNN
Dataset CIFAR10
Input image dimension 32 x32x3
# Convolutional layers 9
# Convolutional filters for each layer 192, 160, 96, 192, 192, 192, 192, 192, 10
Convolutional filters dimensions 5x5,1x1,3x3
# Pooling layers 3
Pooling filters dimensions 2x2,8x%x8
Type of pooling Max Pooling, Average Pooling
# Fully Connected layers 0
# Neurons for each FC layer -
Total Parameters 969K
Memory for Parameters [Mbit] 3.69 Mb

After the pre-analysis, additional bit-true simulations are carried out to
study the combined effects of quantized inputs, weights, and activations. The
accuracy trend is analysed in a range across the optimal bit-widths provided
by the pre-analyses. In this phase, different truncation settings are applied
to modify activation bit-widths. The whole collection of simulation results is
finally saved into a table that will be used during the DSE tool phase.The DSE
then selects a quantized configuration among the ones generated by the Model
Compression step. For this case study, we decided to extract the configuration
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with the best application metric, obtaining a final accuracy of 88.88%.There-
after, the DSE exploits an iterative algorithm to best configure the parameters
of the MDE architecture. Once the DSE algorithm converges to a solution,
the toolflow runs an automation script that generates all the necessary files
for the hardware deployment of the network. As a first step, the chosen
quantization parameters and the obtained architectural parameters are written
on the MDE configuration file. The latter completes the HDL description of
the MDE architecture configured to optimally accelerate the given quantized
model on the selected FPGA device. At the end of this automatic process, the
user can finally synthesize and implement the accelerator using the vendor-
specific tools associated with the chosen FPGA component. Table 6.2 reports
the configuration at maximum parallelism for the NiN model on FPGAs from
diverse vendors. The results have been obtained by using the following tools
with default synthesis and place-and-route strategies: Vivado Design Suite for
AMD Xilinx, Synplify Pro for Microsemi, and Quartus Prime for Intel.

Table 6.2 NiN implementation results for maximum parallelism configuration.

Device ZU7EV RTPF500T XQRKU060 10AX048
LUT 56375 63028 105950 26115
(24.5%) (13.1%) (31.9%) (14.2%)
FF 14432 28386 20012 12819
(3.1%) (5.9%) (3.02%) (1.7%)
LUTRAM/uSRAM/MLAB 1104 0(0%) 552 96
(3.1%) (0.38%) (1.4%)
BRAM/LSRAM/M20K 245.5 512(33.7%) 2717.5 525(36.7%)
(78.7%) (25.7%)
URAM 5 - - -
(5.2%)
DSP 1210 1214(82%) 2410 1229
(70%) (87.3%) (89.8%)
MDE Frequency [MHz] 126.6 50.8 72.5 83.33
Inference Time [ms] 4.54 11.33 5.39 218.88
Power [W] 2.88 - 3.07 3.07
Accuracy [%] 88.88 88.88 88.88 88.88

These experiments demonstrate the adaptability of the proposed quan-
tization methods and the scalability of the MDE architecture. The acceler-
ated models have been deployed on FPGA devices from different vendors
(Intel, Xilinx, Microsemi) and various FPGA families, resulting in diverse
characteristics in terms of technology, available resources, and radiation
tolerance. This level of adaptability sets FPG-AI apart from other automation
tools in the existing literature.
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6.4 GPU@SAT: RISC-V Based SoC Featuring a Soft-GPU
Hardware Accelerator for Artificial Intelligence
On-board

In recent years, General-Purpose Computing on Graphic Processing Units
(GPGPU) [18] has been gaining popularity due to its high energy efficiency
and computational capabilities. Although Graphic Processing Units were
initially utilized only for graphic applications, GPGPU has since bridged the
gap into the use of GPUs in a wide range of tasks, including image processing,
cryptography, and Machine Learning [19]. GPGPU exploits frameworks such
as OpenCL [20] and CUDA [21], which provide high-level programming
interfaces, allowing for a significant reduction in development time. Compati-
bility with open-source tools, including TensorFlow, PyTorch, and Caffe, also
supports Al applications. Yet, its performance could be on a par with those
of custom hardware accelerators, while - because of the lack of flexibility
and customizability - GPGPU is not capable of efficiently executing distinct
families of algorithms. As such, combining the advantages of GPGPU with
the reconfigurability features of FPGAs could represent a viable solution for
the acceleration of a wide range of ML algorithms in applications with strict
constraints on cost, size, and power consumption (e.g., in space systems).
This approach could offer a cost-effective and scalable solution for space
missions that require high-performance computing capabilities. In this sense,
soft GPGPU holds the potential to revolutionize the field of space exploration
by enabling more complex and data-intensive tasks. In space applications,
special attention must be given to power consumption, resource efficiency,
and fault-tolerant design. To reduce costs and enable the use of commer-
cial FPGAs for Low Earth Orbit (LEO) missions, it is crucial to prioritize
fault-tolerant solutions.

An Al acceleration system compliant with the strict requirements of
both low and high-level space missions (e.g., fault-tolerance, resource uti-
lization, power consumption), exploiting the existing GPGPU framework,
as well as FPGA reconfigurability, is still missing. As such, we propose
the implementation of an SoC featuring the GPU@SAT IP from IngeniArs
S.rl. [22], [23], [24], [25], which can execute OpenCL 1.2 kernels. This
could prove to be an efficient solution not only for the acceleration of ML
algorithms but also for the execution of any OpenCL kernel in various fields
of application (e.g., image processing, consumer applications, cryptography),
ensuring a higher degree of flexibility. Figure 6.2 illustrates the proposed base
architecture for the SoC. The primary objectives of the project are to develop
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an AXI-compatible system incorporating the GPU@SAT IP and the open-
source RISC-V architecture, with a strong emphasis on reliability—critical
for the successful execution of high-level space missions. Additionally,
we aim to characterize the system on various FPGA platforms, assessing
performance-to-power efficiency metrics.

/ SoC \
RISC-VCPU|

High-speed
1)
DLowes J5
Soft-GPU
IP e e
= Peripherals

\KPV /

Figure 6.2 Overview of the System-on-Chip based on GPU @SAT.

6.4.1 Enhancing a soft GPU IP reliability against SEUs in space:
Modelling approach and criticality analysis on a
Radiation-Tolerant FPGA

To enhance the robustness of the GPU@SAT IP against Single Event Upsets
(SEUs), we propose a detailed methodology revolving around modelling,
fault criticality analysis, and a systematic application of fault mitigation tech-
niques. Figure 6.3 shows a schematic overview of the GPU @SAT architecture
and its main design modules.

We employ the Mobius [26] high-level modelling tool to estimate the
reliability of the system. The tool supports both Fault Tree Models and
Stochastic Activity Networks (SANs), but Fault Trees are used here due to
their simplicity and alignment to assess fault impacts without accounting for
repair mechanisms. The fault tree model allows the combination of basic
events like failures of sub-modules using logical gates (AND, OR, XOR,
etc.), making it possible to model how SEUs affect different components of
the GPU architecture. Specifically, to quantify the SEU rates, we use data
provided by Xilinx on the failure rates at Geosynchronous Earth Orbit (GEO)
of the CRAM and Block RAMs in the target FPGA device, in our case the
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Figure 6.3 Overview of the GPU@SAT architecture.

Radiation-Tolerant Xilinx XQRKUOQ60. These rates are applied to the various
GPU components, estimating the worst-case SEU rate for each module based
on the number of resources (e.g. LUTs, registers, BRAMs) used in each of
them.

As SEU events can be modelled using a Poisson distribution [27], the
firing time between them follows an exponential one. With this information,
we modelled the entire GPU architecture to estimate a baseline reliability
level using the Mobius tool. Table 6.3 presents the reliability estimation
results for the GPU and its primary sub-components over 60 days.

The reliability analysis shows that the GPU has a lower reliability than
its individual sub-components due to its high vulnerability to SEUs. The
Global Memory Controller and CU Memory Controllers were identified as
the least reliable parts, with high SEU sensitivity. Applying Triple Modular
Redundancy (TMR) directly to these components would be too costly in
terms of area and power, so partial redundancy techniques like Distributed
TMR and Block TMR with voters are suggested. The results show that,
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Table 6.3 Reliability values for the GPU and its components over a 60-day span.

Atomic Model Time-Averaged Reliability
Workgroup Dispatcher 9.855E-01
Wavefront Scheduler 9.637E-01
Global Memory Controller 5.411E-01
RTM 9.752E-01
PE Array 6.372E-01
Control Interface 8.943E-01
CU Memory Controller 5.011E-01
GPUw/ 1 CU 2.421E-01

while no components exhibited extremely low reliability, strategic application
of fault mitigation techniques can significantly increase system robustness
without introducing prohibitive overhead.

Given the high resource consumption of a GPU, applying fault tolerance
measures universally would be inefficient. Hence, we propose a classification-
based methodology [28] that evaluates each component based on:

* Criticality: How essential the component is for correct operation.
* Power/Area Impact: How much power and area each component
consumes on the FPGA.

Each component is classified into four criticality and power/area classes
(C1-C4). The classification helps prioritize which components to protect
more rigorously and which ones require less redundancy. The criticality of
each component is assessed based on:

e Fault Impact: Evaluating both the spatial and temporal importance of
the module in the GPU architecture.

* SEU Sensitivity: Based on the type of primitives (e.g., BRAM, registers,
combinatorial logic) and their sensitivity to SEUs.

* Component Type and Importance: Importance is determined by how
critical a module’s function is for the correct operation of the GPU (e.g.,
if it’s responsible for task dispatching or controlling memory access).

* Power/Area (PA) Impact: This accounts for how much area and
dynamic power each component consumes on the FPGA. The analysis is
based on post-place-and-route resource utilization and switching activ-
ity extracted from simulation benchmarks (e.g., matrix multiplication,
convolution). Components that consume more resources are prioritized
for less costly fault mitigation techniques to avoid excessive congestion
and power consumption on the FPGA.
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After analysing the criticality and PA impact, each component is assigned
a suitable fault mitigation technique. These techniques are categorized into
four classes, with higher classes corresponding to more impactful and
resource-intensive solutions. Two distinct classification tables have been cre-
ated to differentiate between operational and memory components, as these
typically require the application of different mitigation techniques. Table 6.4
and Table 6.5 summarize the proposed techniques associated with different
levels of criticality.

Table 6.4 Classification based on criticality, area, and power.

Criticality
Class 1 Class 2 Class 3 Class 4
Class 1 C2 C3
PA Class 2 Cc2 C3 c3
Class 3 Cl C2 Cc3 C3
Class 4 Cl Cl Cc2 Cc2

Table 6.5 Operational & Memory Components Classes.

Class Operational Element Memory
Partial Duplication w/ Self . .
Cl Check Parity Bit
C2 Partial Distributed TMR DED Hamming Code
3 Block TMR w/ | Voter SEC-DED Hamming
Code
_c4 Block TMR w/ 3 Voters TMR

6.5 CGR-AI: Innovative Coarse-Grained Reconfigurable
Array Platform for Computing Artificial Intelligence
On-Board

While FPGAs offer significant advantages for implementing Al in space,
they have limitations. Performance and power efficiency are often con-
strained, and the cost per device, particularly for Radiation-Tolerant (RT)
and Radiation-Hardened (RH) chips, can be substantial [29], [30]. To address
these challenges, the long-term solution may lie in developing a specific hard-
ware platform tailored for Al applications in space. Such a platform, built on
RT/RH technology, could offer the throughput required by applications and
the power efficiency required by the environment, justifying the large-scale
adoption of Al in space missions [31].
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However, maintaining a degree of flexibility is crucial. Designing an
Application-Specific Integrated Circuit (ASIC) for a specific Neural Network
(NN) accelerator is not sustainable due to the diverse and evolving nature
of Al applications [32]. Instead, future hardware platforms should balance
high performance with adaptability, supporting various Al models and the
ability to update and reconfigure as mission requirements change. This
approach would ensure that space Al systems remain robust, efficient, and
versatile, capable of meeting the demanding conditions of space exploration
and observation [33].

The purpose of the CGR-AI project is to develop an Al engine IP, Com-
plementary to RISC-V/FPGA for Al workload data crunching, powered by
a CGRA accelerator, to be implemented in std-cell technology. Such engine
shall overcome existing solutions in terms of:

* Flexibility: the platform may be easily adapted to a given application by
executing specific firmware to schedule memory transactions and load
CGRA configurations.

* Time Predictability: the CGRA-based architecture performs operations
in a fixed number of clock cycles. Given the global memory timing
model, each Al Engine operation is completed within a deterministic
time bound, ensuring algorithm execution for time-critical applications.

* Reliability: library and architectural solutions to withstand radiations
typical of higher orbits. Furthermore, CGRA resources can be used
to apply dynamic redundancy to the data path, exploiting dedicated
hardware voters for error correction.

Main CGR-AIl Engine

CPU RISC-V MCU

Data Mem |Instr Mem

AXl )>-—>
MM DMAs

v 1
" Local [ ™| Streaming
Mermory Memory |, | DMAs

Figure 6.4 CGR-AI Engine block diagram.
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Figure 6.4 depicts the proposed CGRA-based Al Engine architecture.
The CGRA [34], [35] is an Al accelerator capable of performing linear and
approximated nonlinear vector operations with dynamic element width. The
RISC-V CPU runs the firmware loaded into the Tightly-Coupled Memo-
ries (TCMs) and overlooks all the operations within the architecture. The
streaming Direct Memory Accesses (DMAs) provide custom pattern access
to/from local memory, and the Memory-Mapped (MM) DMA s provide access
to/from external memory. AXI bus is implemented to allow communication
with multi-core application class CPU, commercial peripherals, and main
memory/DDR controller. The Al Engine can parallelize common workloads
in neural network algorithms, like convolutions, pooling, and activation
functions. The spatial architecture makes the engine capable of distributing
resources for different algorithms, enabling load balancing during different
mission stages with dynamic requirements.

The project is currently in development, and we are in the process of
setting up an FPGA prototype and characterising the processing core on std-
cell technology. As preliminary results, in Table 6.6 we report synthesis data
obtained on the 65nm technology for an operating frequency of 625 MHz.

The analysis is focused on the single Tile module since its results can be
composed to form the desired matrix.

For each port configuration, we adapt the number of input and output ports
of the PE accordingly to the number of Functional Units (FUs) implemented
(third column), in order:

1. ambslx: all FUs are present.

2. ambsx: without LUT FU, which is the one with more utilization of
resources.

3. ambs: without LUT and MUX FUs.

4. am: only with ADD and MUL (e.g., to perform MAC in convolutional
layers)

5. Ix: only with LUT and MUX (e.g., to execute activation functions)

We refer to (a) as throughput [GOps]; efficacy is reported in (b) as area
efficiency [GOps/mm?2], where the theoretical throughput of the configura-
tions is divided by the related area and power metrics, and the best solutions
are highlighted in bold, and (c) as energy efficiency [GOps/W], a direct
measure of the energy needed for each operation: its inverse is W/GOps =
W/(Gop/s) = J/Gop.
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Table 6.6 Throughput compared to Area and Energy Efficiencies.

625 MHz
#In # Out FUs @ ) ©
ambslx 3.75 17.7 88
ambsx 3.12 19.4 96.3
31In 2 Out ambs 2.50 222 111
am 1.25 22.9 119
Ix 1.25 27.4 142
ambslx 3.75 16.1 81
ambsx 3.12 18.6 93.7
4 In 4 Out ambs 2.50 214 110
am 1.25 26.5 151
Ix 1.25 24.8 129
ambslx 3.75 154 80.6
ambsx 3.12 17.3 90
4 1In 4 Out ambs 2.50 18 94.9
am 1.25 16.1 88.4
Ix 1.25 22.7 120

6.6 Discussion and Conclusion

The execution of Al algorithms in critical systems is becoming increasingly
important as the demand for real-time data processing and autonomous
decision-making grows. Satellites with advanced Al capabilities can enhance
applications such as Earth observation, scientific research, and space explo-
ration by providing timely insights and efficient data management. However,
addressing the diverse requirements of performance, radiation tolerance, and
cost requires various solutions.

The GPU@SAT approach represents an immediate answer for appli-
cations needing an SW-programmable system, whose reliability has been
analysed and improved. Such a solution can be considered particularly inter-
esting thanks to the support both from Rad-hard and rad-tolerant FPGAs,
thus suitable for space applications.FPG-AI provides an immediate, flexible
solution for these needs. The fact that it can afford high parallelism, ease of
customization, and integration makes FPG-AI a very promising candidate for
both present and near-future space missions. The radiation-hardened versions
of FPGAs can therefore offer such resilience against the harsh conditions in
space.However, these have their performance and power efficiency limita-
tions, not to mention the high cost, hence the need for continued innovation.
Overcoming these limitations will long-term be so crucial to sustain further
advancements in Al across many critical applications. The development
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of a dedicated hardware platform like CGR-AI, therefore, emerges as a
strong candidate for such a future direction. The objective is to develop
a platform that integrates high performance and efficiency, state-of-the-art
Al applications, flexibility in handling changing mission needs, and varied
Al models.While it may be the case that GPU@SAT and FPG-AI can at
present work as a robust and versatile solution for current Al needs onboard
satellites, continuous research, and development into more specialized hard-
ware platforms, such as CGR-AI, will be very important. These efforts
will ensure that the potential of Al in space is fully realized, supporting
more autonomous, efficient, and capable satellite systems that can meet the
challenges of tomorrow’s space exploration and Earth observation missions.
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