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Abstract

Radiation monitoring with SRAM-based FPGAs traditionally relies on offset-histogram
analysis, which requires a chip-specific calibration campaign at an accelerator before
multiple-cell upsets (MCUs) can be discriminated from coincident single-cell upsets (SCUs).
The cost and complexity of such calibration restrict the approach to dedicated, beam-test-
funded programs. We propose an Al-based on-board classifier that achieves MCU/SCU
discrimination directly, without any chip-specific calibration. A lightweight Multi-Layer
Perceptron (MLP), trained entirely on synthetic data covering five representative bit-
interleaving layouts, is integrated on an AMD Artix-7 XC7A200T FPGA together with
per-detection-element telemetry aggregation. The classifier achieves F1 = 0.92-0.97 on
structured BRAM layouts when per-chip calibration data are available (calibrated ceiling)
and, without any chip-specific calibration, retains F1 up to 0.81 = 0.02 (held-out, mean over
five seeds) on previously unseen layouts with near-perfect recall. A sensitivity analysis
across a 20x range of SEU rates and a 4 x range of MCU fractions confirms the robustness of
the proposed approach. A feature-ablation study identifies an indispensable feature subset,
while a comparative evaluation of four alternative classifier architectures (decision tree,
support vector machine (SVM), two MLP variants) establishes the reference MLP as the op-
timal choice. Post-implementation results on the Artix-7 200T show that the MLP-enhanced
and calibrated-histogram designs occupy nearly identical FPGA footprints, reframing the
choice between them as an operational decision driven by calibration availability rather
than by hardware cost.
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up to several MeV. The flux of cosmic rays is modulated by the Earth’s magnetic field and
solar activity, reaching a maximum in the polar regions during periods of quiet Sun.

The interaction of ionizing radiation with semiconductor circuits results in two cate-
gories of effects: cumulative and single-event. The cumulative effects, characterized by the
total ionizing dose (TID), manifest as irreversible degradation of the electrical parameters
of the device [2,3]. Single-event effects (SEEs) arise when a single charged particle traverses
a sensitive region of the silicon substrate: the ionization trace generates a charge that, when
exceeding a critical threshold (Qcryt), can change the state of a memory element. The most
significant types of SEE include single-event upset (SEU), single-event functional interrupt
(SEFI), single-event transient (SET), and single-event latchup (SEL) [1,4].

Of particular interest in radiation monitoring are multiple-bit upsets (MBUs), in
which several bits invert. These inversions may be caused by multiple particle strikes,
each affecting a single physical memory cell, termed a single-cell upset (SCU), or a single
particle strike affecting multiple adjacent cells, termed a multiple-cell upset (MCU) [5],
or a combination of the two. MCUs have a higher occurrence rate in newer, denser, and
under-20 nm technologies [6,7]. Classifying MBUs into SCUs and MCUs is operationally
important because MCUs pose a direct threat to error-correction codes (ECCs), which are
typically designed to correct only single-bit errors within a single memory word [8].

Field-programmable gate arrays (FPGAs) based on SRAM technology represent an
attractive platform for ionizing radiation detection owing to their unique combination
of properties: reconfigurability, hardware parallelism, direct access to internal memory
resources, and the ability to implement low-latency Al inference with limited power
consumption. Unlike application-specific integrated circuits (ASICs), FPGA development
is characterized by shorter timescales and lower non-recurring engineering costs, and its
granular architecture enables parallel data processing at throughput levels that exceed
those of software implementations on general-purpose microprocessors. These qualities
underpin the widespread adoption of FPGAs in both the space industry and high-energy
physics experiments, for example, at CERN particle accelerators [1].

The fundamental feature of SRAM-based FPGAs is that all principal on-chip resources
(i.e. block RAM-BRAM, look-up tables-LUTs, flip-flops-FFs, and configuration memory-
CRAM) are implemented using static memory cells that are inherently sensitive to SEU [8].
This property gives rise to the concept of dual use: the FPGA simultaneously serves as the
array of detection elements and as the processing platform that classifies the detected upsets.
By writing a known data pattern into BRAMSs and periodically scanning their contents, it is
possible to detect, localize, and quantify SEUs using the BRAM primitives themselves as
detection elements (DEs) [9]. Modern AMD FPGA families such as UltraScale+ devices,
also provide other memory types suitable for detection, including distributed look-up table
RAM (LUTRAM) and UltraRAM (URAM) [10].

The SEU sensitivity of an FPGA to radiation is quantitatively described by the effective
cross-section oggyy, which determines the probability of an SEU occurring when a particle
traverses the volume of a memory cell. For the BRAM of AMD Artix-7 devices (28 nm), the
neutron cross-section is 6.32 x 10715 cm? /bit according to irradiation data at the LANSCE
facility [11]. For heavy ions, the BRAM saturation cross-section in a 28 nm Xilinx Kintex-7
reaches 7.94 x 10~2 ecm? /bit [12]. Testing of Artix-7 devices (i.e., XC7A100T) with 20 MeV
electrons revealed a SEU cross-section of 1017-10718 ¢m?2 /bit, which is about five orders
of magnitude lower than that for equivalent-energy 20 MeV protons [13].

In addition, experiments with 1-5 MeV electrons on the 28 nm Virtex-7 (XC7VX690T,
also 28 nm) revealed a resonant nature of sensitivity: irradiation with 3 MeV electrons
caused over 28.6 million SEUs in CLBs and 1.76 million SEUs in BRAMSs, while at other
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energies (1, 2, 4, 5 MeV) no effects were registered [14]. A substantial proportion of these
events produce MBUs, as detailed in Section 2.1.

To ensure stable operation of the FPGA device under radiation, mitigation mechanisms
are employed: triple modular redundancy (TMR) [15,16] with physical separation [17],
ECCs for memories [18], temporal redundancy [19], continuous scrubbing of the configura-
tion memory [20,21], and radiation hardening by design [22].

In our prior work [9,23], we presented the AICoRS (Al-enabled Cosmic Radiation
Sensor) system, implemented on the Artix-7 200T FPGA and intended for installation
on a nanosatellite. The system performs parallel scanning of 256 detection elements at
a frequency of 1 kHz, detects and corrects SEUs, and transmits the registered events via
the SPI interface to the on-board computer (OBC). However, a detailed analysis of the
implementation revealed several significant limitations. First, the 256-word deep first-in
first-out (FIFO) buffer creates conditions for data loss whenever the number of detected
SEUs in a single scan cycle exceeds the buffer capacity. Second, the priority encoder
processes only one detection element per clock cycle, leading to collisions when multiple
DEs simultaneously detect errors at the same addresses; in such cases, only one event
is registered, and the others are lost. Third, the buffer overflow event is not reported to
the OBC due to throughput limitations, leaving it unaware of lost events. Finally, the
system operates in a single mode without any adaptation to the particle-flux intensity
and performs no on-chip data analysis: all events are transmitted in raw form, without
aggregation, clustering, or classification.

These limitations become especially significant under conditions of elevated back-
ground radiation intensity—during passage through the South Atlantic Anomaly (SAA),
during solar flares, or during ground-based accelerator testing—when the SEU rate can in-
crease by several orders of magnitude. In such scenarios, the current architecture inevitably
loses a significant portion of the scientifically most valuable data, making it impossible
to accurately estimate the particle flux and classify radiation events. Furthermore, the
absence of on-chip MCU/SCU classification means that the existing system cannot distin-
guish between single-particle multi-cell events and coincident single-cell upsets. Statistical
methods based on offset-histogram analysis [24] achieve excellent accuracy (F1 > 0.99)
on structured BRAM layouts by automatically discovering repeatable offset patterns—the
method is topology-invariant and does not require prior knowledge of the physical in-
terleaving scheme. However, it requires a chip-specific calibration campaign to build
the statistical model: until this process is complete, classification output is unavailable
(the cold-start problem), and a different device necessitates repeating the procedure at an
accelerator facility.

A preliminary account of this work, focused on system architecture and FPGA feasibil-
ity, has been accepted for presentation at the European Space Agency (ESA) SPAICE 2026
Conference [25]. The present paper substantially extends that contribution by providing a
complete, detailed experimental setup (Section 4), sensitivity and feature-ablation analyses
(Sections 6.2 and 6.3), a comparative evaluation of four alternative classifier architectures
(Section 6.6), and a detailed three-way post-implementation FPGA study (Section 5).

The synthetic data-generation methodology used in this work is listed as one of the
contributions of another manuscript [26] submitted to a different journal at the same time
as this one. For completeness, this manuscript also contains a description of this method.

In this paper, we propose an improved AICoRS architecture that addresses the identi-
fied limitations through the integration of on-chip Al inference and per-detection-element
telemetry aggregation. The main contributions are as follows:

1.  System-level improvement: On-chip classification combined with per-DE aggregation
replaces the raw per-upset streaming of the baseline architecture. Each detection
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element transmits a single classified summary packet per scan cycle, eliminating
FIFO overflow and providing the OBC with real-time SCU/MCU event counts that
previously required ground-based post-processing.

2. Calibration-free on-chip MLP classifier: A lightweight MLP (8 — 32 — 16 — 1,
833 INT16 parameters, Q8.8 fixed-point) provides non-zero classification capability
from first power-on without chip-specific calibration, achieving a mean F1 score
of 0.807 (95% CI: 0.786-0.828; five random seeds) with near-perfect mean recall on
an unseen structured layout under the held-out protocol (Section 4) in synthetic
experiments—a scenario where the offset-histogram method, without prior calibration,
yields no usable output.

3.  Complete FPGA implementation and three-way resource characterization: The base-
line, offset-histogram, and MLP-enhanced designs are all implemented and compared
post-implementation on the Artix-7 200T (Section 5), showing that the two classi-
fiers occupy virtually the same silicon footprint and thermal envelope, making the
selection an operational rather than a hardware-constrained decision. To support
reproducibility, the complete hardware description language (HDL) implementation,
trained classifier weights, and synthetic-data generation scripts are openly available
on Zenodo (see the Data Availability Statement).

2. Background

This section provides the technical context required for the rest of the paper. Section 2.1
introduces the radiation-physics distinction between single- and multiple-cell upsets and
explains why the proprietary BRAM bit-interleaving scheme prevents direct geomet-
ric inference of physical adjacency from the logical coordinates seen by the scan logic.
Section 2.2 summarizes the AICoRS hardware platform on which the present work builds,
and Section 2.3 reviews the offset-histogram method that serves as the calibrated baseline
against which the proposed MLP classifier is evaluated.

2.1. SCU vs. MCU and Bit Interleaving

When a charged particle traverses the sensitive volume of an SRAM cell, the deposited
charge may exceed the critical threshold Qcgrr and flip the stored bit value [4]. In modern
deep-submicron processes, the charge cloud generated along the ionization track can extend
laterally to adjacent cells. If the deposited charge is collected by a single cell, the event is an
SCU; if multiple physically neighboring cells are upset by the same particle strike, the event
is an MCU. Both SCU and MCU produce observable Bit Upsets (BU) in the memory content.
The physical distinction between these cases, together with the operationally relevant case
of coincident, independent SCU events that produce an MBU observation indistinguishable
from an MCU on the basis of logical coordinates alone, is illustrated in Figure 1.

3 Bl 8 3 3 B3] 3 5 3 3 5 a
D addr 0 addr 1 addr 2 D addr 3

Figure 1. Physical distinction between SCU (left, single particle/single bit flip), MCU-3 (center,
single particle/multiple adjacent flips via lateral charge diffusion), and coincident SCU (right,
two independent strikes producing a non-adjacent bit pair indistinguishable from MCU on the
basis of logical coordinates alone). Black boxes denote SRAM cells affected by bit upsets.
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When a scan cycle detects more than one BU, the observation is classified as an
MBU. An MBU may result from a single MCU or from the temporal coincidence of two or
more independent SCU events within the same scan window. Following JEDEC JESD89A
terminology [24], the classification task addressed in this paper is to determine whether a
given pair of BUs within one scan originate from a common particle strike MCU or from
independent impacts (coincident SCU).

The distinction is practically significant because MCU events can corrupt multiple
bits within the same ECC word, defeating single-error-correcting codes that protect BRAM
content [8]. In 28 nm Xilinx FPGAs of the Artix/Kintex family, irradiation studies have
shown that up to ~38% of ion, proton, and neutron events cause multiple configuration cells
to be upset at high LET (60 MeV-cm? /mg), with a small fraction (a few percent) affecting
four or more cells [24,27]. Accurately identifying MCU events is therefore essential both
for radiation-environment characterization and for assessing the adequacy of on-board
error-correction strategies.

A fundamental obstacle to on-chip MCU identification is the bit-interleaving scheme
applied within FPGA block RAM primitives. BRAM manufacturers deliberately scatter
logically consecutive bits across physically non-adjacent locations so that a single-particle
MCU affecting a cluster of neighboring physical cells produces errors in different ECC words
rather than in the same word. While this interleaving strategy strengthens ECC protection,
it creates a non-trivial mapping between the logical address space (addr, bit) visible to
the scan logic and the physical position of each cell on the silicon die. The exact mapping
function is proprietary and is not disclosed in public documentation [28]. Consequently,
two BU that appear at distant logical addresses may in fact originate from adjacent physical
cells (and vice versa), making it impossible to infer physical proximity—and hence MCU
membership—directly from the logical coordinates without prior knowledge of the chip-
specific interleaving pattern.

2.2. The AICoRS System Architecture

The Al-enabled Cosmic Radiation Sensor (AICoRS) is an FPGA-based radiation moni-
toring instrument designed for nanosatellite platforms [9]. The system is implemented on
an AMD Artix-7 XC7A200T device (28 nm, speed grade —2 L) and consists of two principal
subsystems: a SEU Detector Matrix (SDM) and a control and communication back-end.
A hosting PCB implementation targeting a 3U CubeSat form factor has been developed
for this platform [29]. A block diagram of the enhanced AICoRS architecture, comprising
the 256 detection-element array, the per-DE BU-buffers, the scan-aggregation finite-state
machine (FSM), the classification backend (feature extraction, two MLP cores sharing one
weight read-only memory (ROM), connected-component clustering), and the classified-
packet output path, is shown in Figure 2.

The SDM comprises 256 DE, each realized as a single 36 Kb BRAM primitive configured
in Simple Dual Port mode (2048 addresses x 18 bits). Every BRAM is initialized with
a deterministic pattern—alternating 0x15555 and 0x2AAAA at even and odd addresses,
respectively—ensuring a uniform spatial distribution and an equal count of ones and zeros
across the 36,864 cells. A TMR-protected counter continuously loops through the address
space while a monitor module compares the read-back data against the expected pattern.
When a mismatch is detected, the monitor outputs the address and a bitmap of the affected
bits, then corrects the stored value through the write port [9].

All 256 DE are scanned in parallel with a period of 1 ms at a 10 MHz clock frequency.
Each scan cycle consists of an active phase lasting 2053 clock cycles (/205 ps), during
which the counters traverse the full address space, and a dead-time window of 7947 cycles
(~795 ns) available for post-scan processing. The 10 MHz operating frequency was selected
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to minimize power consumption and reduce susceptibility of the control logic to radiation-
induced transients, while still providing sufficient scan throughput for expected orbital SEU
rates. The resulting optimized configuration, utilizing all available BRAMs (365 BRAM36
primitives [30]), achieves a total FPGA power draw of 0.5 W, satisfying the power budget
of nanosatellite-class platforms [23].

256 BRAM Detection Elements (parallel scan)
________________________ a

[ DE#0 DE #255 ||
I|  BRAMB36kb T BRAM36kb |
BU Buffer ---- BU Buffer
| Scan Aggregator FSM |
: ___________ ¥~~~ Al Classification |
| Feature Computation Pipeline |
[ [
I 2xMLP Classifier Weight ROM |
| 833 INT16 params (RAMBI8) |
[ [
[ |

| Compressed Packet (80-bit) |
| Output FIFO (256 entries) |
|  SPI@IMHz— OBC |

Figure 2. Block diagram of the enhanced architecture: DE array (256 BRAMs) — BU buffers — Scan
Aggregator — Feature Extraction — 2x MLP Cores — Clustering — Classified Packet Formatter
— FIFO — SPI — OBC. Weight ROM (RAMBI18EL1) shared between MLP cores. The MLP classifies
every upset pair on every scan cycle. Adapted from the conference version [25].

Detected BU are serialized through a priority encoder, written into a 256-entry FIFO,
and transmitted to the OBC via a 1 MHz SPI link. Each BU is encapsulated in an 80-bit
legacy packet containing the 11-bit address, 18-bit upset bitmap, 8-bit DE index, 16-bit
scan timer, and 8 status/flag bits. No on-chip analysis, classification, or aggregation is
performed prior to transmission. As a consequence, the maximum sustainable event rate is
bounded by the SPI link capacity: at 80 bits per packet and a 1 MHz SPI clock, the system
can transmit at most 12,500 packets per second, or approximately 12 packets within one
1ms scan period. When the number of detected BU per scan exceeds the FIFO depth, data
loss occurs—a limitation that becomes critical under high-intensity radiation conditions.

2.3. Offset-Histogram Classification

The offset-histogram method provides a statistical reference approach for MCU classi-
fication that exploits the deterministic nature of the physical-to-logical mapping [24]. The
key insight is that because the bit-interleaving function within a given BRAM primitive
is fixed, any pair of physically adjacent cells always maps to the same pair of logical co-
ordinates. The logical-address difference (offset) (Aaddr, Abit) between two cells of an
MCU event is therefore a characteristic signature of that physical adjacency relation under
the prevailing mapping.

The method operates in two phases. In the calibration phase, a two-dimensional
histogram of all pairwise offsets (Aaddr, Abit) is accumulated over a large number of scan
cycles. Offset bins corresponding to physical adjacency relations accumulate significantly
more counts than the uniform background produced by random coincidences. A robust
peak detector based on the median absolute deviation (MAD) identifies bins whose z-score
exceeds a configurable threshold (e.g., z > 5), producing an adjacency list—a compact set of
offset signatures that characterize the MCU fingerprint of the mapping. In the classification
phase, each pair of BU detected within a single scan is tested against the adjacency list: if
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the observed offset matches a listed entry, the pair is labeled as MCU; otherwise, the pair is
labeled as independent SCU. Connected-component analysis is then applied to the pairwise
labels to recover MCU clusters. The pairwise offset histograms produced by the calibration
phase are shown in Figure 3: structured mappings M1-M4 exhibit a small number of
sharp peaks corresponding to physical-neighbor signatures, while the random-permutation
mapping M5 produces a flat, structureless distribution that defeats peak detection. This
concentration of multiple-cell upsets into a few dominant offset signatures, rather than a
uniform distribution, is consistent with irradiation-based analyses of 28 nm Xilinx FPGAs:
for the Kintex-7 configuration memory, the offsets (1, —1), (0,1), (1,1) and (1,0) were
identified as the high-probability physical-adjacency signatures under heavy-ion irradia-
tion [24], with the same set—extended by (0,2) and (1, 2)—reported independently for a
28 nm device in [31]. This qualitative agreement supports the physical plausibility of the
structured synthetic mappings; it does not, however, constitute validation of the proprietary
Artix-7 BRAM geometry, which would require a dedicated irradiation campaign.

15 6
1000
10
5 750 4
500
-5 2
250
-10
-15 0 0

0 100 200 3000 100 200 3000 100 200 3000 100 200 300 0 100 200 300
Aaddr M1 Aaddr M2 Aaddr M3 Aaddr M4 Aaddr M5

Abit
o
Count

Figure 3. Pairwise offset histograms (Aaddr, Abit) for each of the five mappings. Sharp peaks
(M1-M4) correspond to physical-neighbor signatures detected by the MAD-based peak detector and
stored in the adjacency list; M5 (random permutation) exhibits no detectable structure.

The offset-histogram method achieves near-perfect classification when calibrated,
as demonstrated in Section 6. The adjacency list is extremely compact—typically up to
18 entries—and can be stored in a small ROM or LUT, enabling single-cycle classification
of each upset pair on an FPGA.

Importantly, the method is topology-invariant: it automatically discovers the relevant
offset peaks from the statistical accumulation of pairwise offsets, without requiring prior
knowledge of the physical interleaving layout. However, the method has a critical opera-
tional limitation, hereafter referred to as the cold-start problem. Constructing the adjacency
list requires that a sufficient body of MCU events has already been collected—typically
several thousand scan cycles at a heavy-ion or proton beam facility (e.g., CHARM/CERN,
TAMU, or PSI). Before this calibration is complete, the peak detector has no statistical basis
for distinguishing MCU signatures from the uniform coincidence background, and the clas-
sifier produces no usable output (F1=0). Moreover, because the adjacency list encodes the
proprietary physical-to-logical mapping of a specific die, it cannot be transferred between
devices: each FPGA chip or silicon revision requires an independent calibration campaign.
This cold-start limitation motivates the machine-learning approach developed in Section 3,
which aims to provide a deployable classifier that functions from first power-on without
chip-specific calibration data.

3. Proposed Method

The proposed architecture comprises three components: a synthetic data genera-
tion framework (Section 3.1), an MLP classifier for pairwise SCU/MCU classification
(Section 3.2), and a classified telemetry format with per-DE aggregation (Section 3.3).
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3.1. Synthetic Data Generation

Because the physical bit-interleaving layout of AMD/Xilinx BRAM primitives is
proprietary and not documented publicly, training a supervised classifier requires synthetic
data with known ground-truth labels. The data generation framework decouples the
physics of particle interactions from the chip-specific address mapping, enabling the same
underlying radiation scenario to be projected through multiple hypothetical layouts.

In other papers, like [32,33], SEUs are also modeled as simple bit upsets randomly
injected in the sequential elements of a design. Even the AMD Soft Error Mitigation core [21]
includes optional error-injection features. Furthermore, in real irradiation experiments,
there is no 100% certainty that several BUs form an MCU or SEUs, even if they match an
adjacency model.

3.1.1. Physical Memory Model

Each 36 Kb BRAM primitive is modeled as a two-dimensional physical array of
288 x 128 = 36,864 cells, matching the actual capacity of a BRAM36 configured as 2048 x 18
(Simple Dual Port). The aspect ratio 288:128 ~ 2.25:1 is consistent with the physical propor-
tions of BRAM columns observed in the Vivado Device View (=150 pm x 50 um).

3.1.2. SEU Event Model

Radiation events are generated in two stages. In the first stage (physics), the number
of SEU events per scan cycle is drawn from a Poisson distribution with rate parameter
A. Each event is classified as either SCU (probability 1 — Pyicy) or MCU (probability
Pymcu)- SCU events are placed uniformly at random on the physical array. MCU events
are modeled as clusters of 2—4 physically adjacent cells: MCU-2 comprises a horizontal or
vertical pair, MCU-3 a three-cell line or L-shape, and MCU-4 a 2 x 2 square. The empirical
multiplicity distribution reported for 28 nm SRAM technologies indicates that MCU-2
events account for approximately 85-90% of MCU events, MCU-3 events for 6-7%, MCU-4
events for 3-5%, and MCU-5+ events for no more than 1% under moderate-LET heavy-ion
irradiation [24,31]. In the proposed synthetic training set, the multiplicity distribution was
set to P(MCU-2) = 0.85, P(MCU-3) = 0.12, and P(MCU-4) = 0.03, while MCU-5+ events
were not included due to their very low reported occurrence. This distribution preserves
the empirical dominance of two-cell clusters while moderately oversampling three-cell
clusters to improve their representation during supervised training. For 16 nm UltraScale+
FinFET devices, the distribution is shifted towards smaller cluster sizes due to the reduced
cross-section and tighter cell pitch [27]. Each shape is randomly rotated by 0°, 90°, 180°, or
270° to increase diversity. Boundary conditions use wrap-around (modular) arithmetic to
avoid edge artifacts that would arise from clamping.

3.1.3. Physical-to-Logical Mapping

In the second stage (mapping), the physical coordinates of all events are transformed
to the logical address space (addr, bit) through five bijective mapping functions, each
representing a plausible bit-interleaving scheme:

¢  Mil—Linear (bit-major): k = bit x 2048 + addr, row-major unfolding. Adjacent
physical columns map to consecutive addresses.

*  M2—Address-interleaved: Identical to M1, except that for odd bit indices the address
order is reversed. This models a simple interleaving strategy intended to separate
adjacent bits across ECC words.

¢  M3—Linear (address-major): k = addr x 18 + bit, row-major. Bits within the same
word are physically adjacent—the layout is most vulnerable to within-word MBU.
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¢ M4—Column-major: k = bit x 2048 + addr, with column-major unfolding. Physical
neighbors can yield address offsets of +-288, the largest among the structured mappings.

* M5—Random permutation: A fixed random bijection (seed = 2026), representing
the worst-case scenario in which no structural pattern exists between physical and
logical coordinates.

We expect commercial SRAMs to employ regular repeating patterns of physical to
logical mapping. A complete random mapping might create large timing differences
between nets. Nevertheless, we included this mapping as a worst-case scenario.

The algebraic expression k(addr, bit) is identical for M1 and M4, but the two mappings
differ in how the linear index k € [0, 36, 863] is unfolded into the physical 288 x 128 grid.
M1 uses row-major unfolding, so (row, col) = (|k/128], k mod 128) and adjacent phys-
ical columns differ by Ak = 1, i.e,, Aaddr = 1. M4 uses column-major unfolding, so
(row, col) = (k mod 288, |k/288]) and adjacent physical rows differ by Ak = 1 while adja-
cent physical columns differ by Ak = 288—this is what produces the 4-288 neighbor-offset
signature visible in Figure 3 (M4).

Applying all five mappings to the same set of physical events guarantees that differ-
ences in classifier performance across mappings are attributable solely to the mapping
geometry and not to random variation in the underlying radiation scenario. The distribu-
tion of detected upsets in physical (row, column) coordinates for each of the five mappings
is shown in Figure 4; the corresponding scan outputs in logical (address, bit) coordinates,
obtained from the same underlying radiation scenario, are illustrated in Figure 5.
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Figure 4. Physical-coordinate distribution (row vs. column, colored by bit index) of the detected
bit upsets for the five bit-interleaving mappings (M1—bit-major linear, M2—address-interleaved,
M3—addr-major linear, M4—column-major, M5—random permutation), all derived from the same
underlying radiation scenario used for synthetic data generation.
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Figure 5. Synthetic scan results for the five physical-to-logical mapping schemes (M1-M5). Each
subplot shows the logical-coordinate distribution of detected bit upsets for an identical underlying
radiation scenario projected through a different mapping function.

3.1.4. Pair Formation

Within each scan cycle containing k > 2 detected BU, all (lzc) ordered pairs (i, )
with i < j (sorted by address) are formed, subject to the filter |[Aaddr| < 300. This
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threshold was chosen to encompass the largest MCU offset signature observed across
all structured mappings: mapping M4 produces physical-neighbor offsets of +288, so a
margin of 300 ensures complete coverage while limiting the combinatorial cost. Each pair
is assigned a ground-truth label: y = 1 if both BU originate from the same particle event
MCU, and y = 0 otherwise (independent SCU or coincident events from different particles).

3.1.5. Correspondence to Empirical SEU Statistics

The generator parameters used throughout the paper (A = 2.0 SEU/scan, Pycy = 0.10,
multiplicity distribution as defined above) balance physical plausibility with statisti-
cal efficiency. The value A = 2.0 does not represent an on-orbit upset rate: per-bit
SEU cross-sections span roughly six orders of magnitude between the atmospheric-
neutron regime (6.32 x 1015 e¢m? /bit for Artix-7 BRAM [11]) and heavy-ion saturation
(7.94 x 102 cm?2 /bit [12]), and, for quiet low-Earth-orbit conditions, the expected number
of upsets per 1 ms scan cycle of the ~9.4 Mb array is several orders of magnitude below
unity. Instead, A = 2.0 is a deliberately accelerated rate that guarantees each simulated scan
cycle contributes multi-upset coincidences to the training and evaluation statistics. The
classifier itself operates on per-pair geometric features (Equation (1)) that do not depend on
the absolute event rate; the rate-dependent quantity—the proportion of coincident SCU
pairs among all candidate pairs—is explicitly characterized by the A sweep of the sensi-
tivity analysis (Section 6.2). The selected MCU fraction Pyjcy = 0.10 and the cluster-size
sub-distribution match the proton- and heavy-ion-induced statistics reported for the same
technology node [24]; for 16 nm UltraScale+ FinFET devices the distribution is shifted
towards smaller cluster sizes due to the reduced cross-section and tighter cell pitch [27].
The sensitivity analysis characterizes classifier robustness across a 20x range of A and a 4 x
range of Pyicy around these values.

3.2. MLP Classifier
3.2.1. Architecture and Input Features

The classifier is a three-layer Multi-Layer Perceptron [34] with architecture 8 — 32 —
16 — 1. The hidden layers use ReLU activations and are preceded by batch normalization;
the output layer produces a scalar probability via the sigmoid function. Dropout is applied
during training at rates of 0.2 and 0.1 for the first and second hidden layers, respectively.

The MLP was selected over more expressive architectures (e.g., DeepSets [35], graph
neural networks [36]) on the basis of three practical considerations for FPGA deployment.
First, the pairwise formulation reduces the input to a fixed 8-element vector, eliminating the
need to handle variable-sized inputs. Second, the MLP has a fixed and predictable resource
cost on the FPGA regardless of the mapping complexity, whereas a lookup-table baseline
grows with the number of distinct adjacency offsets (which is unknown a priori for a real
chip). Third, the MLP weights can be updated via a new bitstream without register-transfer-
level (RTL) modifications, enabling recalibration after beam testing of a specific chip (see
Section 3.2.3 below).

The eight input features for each upset pair (i, j) are:

L e b @ by [Aal |AB] [ Aa P [AbN? @
X7 | 2047’ 17" 2047" 17" 2047 17 * \2047) " \ 17

where a;,a; € [0,2047] are logical addresses, b;, b; € [0,17] are bit positions, and
Aa =a;—a;, Ab = b; — b;. Features 5-6 are the normalized absolute address/bit off-

sets (direct analogues of the offset-histogram signatures), while features 7-8 introduce
nonlinear sensitivity to the inter-pair distance.
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3.2.2. Training Procedure

The network is trained using the Adam optimizer with an initial learning rate of
1073 and a batch size of 512. The loss function is binary cross-entropy with logits
(BCEWithLogitsLoss), with a positive-class weight w = Nneg/ Npos to compensate for the
class imbalance (MCU pairs constitute approximately 10-15% of the dataset). A weighted
random sampler further balances the classes within each mini-batch. Training proceeds for
up to 100 epochs with early stopping based on validation F1 (patience = 15 epochs), and
the learning rate is reduced on plateau via ReduceLROnPlateau.

For FPGA deployment, the batch-normalization layers are analytically folded into the
preceding linear weights and biases:

w’=703+€-w, b’:703+€-(b—y)+,8 @
where 7, B, 1, o2 are the learned BatchNorm parameters and € = 10~5. This transformation
absorbs the BatchNorm scale/shift parameters (-y, B) into the preceding linear weights and
discards the running statistics (1, 0?) needed only during training, reducing the parameter
count from 929 to 833. The folded weights are then quantized to 16-bit signed fixed-point
(Q8.8 format: 8 integer bits, 8 fractional bits) by scaling each floating-point value by 256,
rounding, and clipping to the range [—32,768, +32,767]. Fixed-point INT16 quantization
has been shown to preserve the accuracy of compact MLP models within fractions of a
percentage point relative to their FP32 baseline [37], while halving memory footprint and
enabling deterministic single-cycle multiply-accumulate operations on FPGA digital signal
processor (DSP) slices [38]. The resulting 833 INT16 parameters occupy 1.66 KB and fit
within a single RAMB18E1 block.

During training, the output probability is obtained as ¢(z) > 0.5, where o denotes the
sigmoid function and z is the pre-activation logit produced by the final linear layer. Because
the sigmoid is monotonically increasing with ¢(0) = 0.5, the decision rule ¢(z) > 0.5 is
mathematically equivalent to z > 0. The FPGA implementation exploits this equivalence
by evaluating only the sign of the accumulated logit, eliminating the need for any sigmoid
computation—whether via a lookup table, piecewise-linear approximation, or floating-
point arithmetic—at the decision boundary.

3.2.3. Deployment Pipeline

The deployment workflow for a specific FPGA chip admits two operating modes. In
the default calibration-free mode, the MLP is trained exclusively on synthetic data covering
the five representative bit-interleaving layouts (Section 3.1), and the resulting weight ROM
is embedded in the bitstream uploaded to the satellite—no chip-specific data are required,
and classification is available from the first scan cycle on any Artix-7 device. If chip-specific
beam-test data become available (optional refinement path), the same RTL can be redeployed
with retrained weights as follows: (1) the chip is exposed to heavy-ion irradiation at a
beam-test facility to collect ground-truth MCU/SCU data from a single BRAM primitive
(the interleaving pattern is identical across all BRAM primitives on the same die, so one
BRAM suffices for calibration); (2) the MLP is retrained on the collected data using the
procedure described above; (3) a Python 3.14 script performs BatchNorm folding, Q8.8
quantization, and generates the Verilog weight ROM file (mlp_weights.v); (4) the weight
ROM is programmed into the FPGA. Steps (2)—-(4) require only the 833 INT16 weight values
to be updated; the RTL logic is unchanged. In practice, the new weights are embedded into
the FPGA bitstream generated by Vivado, and the complete bitstream is uploaded to the
satellite. The architecture therefore supports both calibration-free first-flight deployment
and post-flight accuracy refinement through the same weight-ROM update mechanism.
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3.3. Classified Telemetry Format

In the baseline AICoRS architecture [9,23], each detected BU generates one 80-bit
SPI packet. At a 1MHz SPI clock, the link can transmit at most 12 legacy packets per
scan. When the SEU rate exceeds this threshold the 256-entry FIFO overflows and data are
lost. This limitation becomes critical under accelerator qualification conditions or during
elevated orbital radiation environments (Section 6).

3.3.1. Classified Packet Format

The enhanced architecture produces a single 80-bit classified summary packet for
each active detection element on every scan cycle. Bit [72] of the packet header is set
to 0, distinguishing the classified format from the baseline legacy format (bit [72] = 1) and
simultaneously serving as a radiation-alarm flag visible to the OBC. While the baseline
architecture detects only generic bit upsets (BUs), the MLP-based classification step further
distinguishes them into single-cell (SCU) and multiple-cell (MCU) categories. The classified
packet contains the DE indeX, the total BU count, the number of classified SCU and MCU
clusters in the current scan, and the size of the largest MCU cluster. The detailed bitfield
layout is specified in Section 5. Because both formats share the same 80-bit frame size and
SPI physical layer, the OBC identifies the format by reading bit [72].

The MLP classifier runs unconditionally on every scan cycle—there is no threshold-
based mode switching—and FIFO-overflow elimination is a direct consequence of the
reduced packet count (one packet per active DE instead of one per BU).

3.3.2. Clustering and Per-Element Aggregation

The complete classification-and-aggregation pipeline—pairwise MLP inference,
connected-component clustering of MCU labels, and packing of per-DE statistics into
a single 80-bit SPI frame—is shown schematically in Figure 6. The MLP classifier processes
all upset pairs within each active detection element. The pairwise classification results are
assembled into an adjacency graph in which each BU is a vertex and an edge connects any
pair classified as MCU (P > 0.5). A connected-component algorithm then partitions the
graph: isolated vertices (degree 0) are counted as SCU events, while connected components
of size > 2 are counted as MCU clusters. The per-element summary (N_BU, N_SCU,
N_MCU, max_cluster_size) is packed into a single 80-bit classified frame.

Each detection element stores up to four BU positions (address and bit index) in a
16-bit-per-entry buffer that is filled in parallel with the scan phase, adding zero latency
overhead. For a DE with k BU, the number of pairs to classify is (12{) at most 6 pairs for
k = 4, which is processed by two parallel MLP cores in approximately 2670 cycles (=267 us
at 10MHz). Should the BU count in a given DE exceed the buffer depth—an extreme
scenario not encountered in simulation—the aggregator falls back to reporting only the
raw BU count without MLP classification.

BU buffer Pair features MLP inference C-C clustering 80-bit packet
upto4BU 8 features - 8—32—-16—1 adjacency graph SPI frame to OBC
(addr, bit) per pair P>0.5=MCU — clusters

Figure 6. Classified telemetry pipeline: pairwise MLP classification of upset pairs within each
detection element, connected-component clustering of MCU labels, and assembly of the per-DE
summary into a single 80-bit SPI packet.

4. Experimental Setup

This section specifies the parameters of the synthetic data, the metrics used to assess
classification quality, the six experiments conducted, and the FPGA implementation flow
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targeting the Artix-7 200T device. The same data pipeline is reused across all experiments
so that performance differences reflect classifier architecture rather than sampling variation.

4.1. Data Generation Parameters

Synthetic datasets were generated using the framework described in Section 3.1 with
the parameters summarized in Table 1. A total of 10,000 scan cycles were simulated
per mapping, yielding 20,026 SEU (18,022 SCU and 2004 MCU across all multiplicity
classes). The Poisson mean A = 2.0 is a deliberately accelerated event rate adopted for
statistical efficiency rather than an estimate of the on-orbit upset rate (see Section 3.1),
while P(MCU) = 0.10 reflects the empirically observed MCU fraction in 28 nm FPGA
technologies [24].

Table 1. Synthetic data generation parameters.

Parameter Value

Scans per mapping 10,000

Poisson rate (1) 2.0 SEU/scan
MCU probability 0.10

MCU size distribution MCU-2: 85%, MCU-3: 12%, MCU-4: 3%
Physical array dimensions 288 rows x 128 columns
Number of mappings 5 (M1-M5)
Train/test split 80%/20% (by scan)
Pair filter threshold |Aaddr| < 300
Total pairs (train) 37,667

Total pairs (test) 8320

The 80/20 train—test split was applied at the scan level: the first 8000 scans served as
the training set (used for both the offset-histogram calibration and MLP training), while the
remaining 2000 scans formed the held-out test set. Upset pairs were formed from all scans
containing k > 2 BU, yielding (é) candidate pairs per scan filtered by |Aaddr| < 300.

4.2. Evaluation Metrics

Classification quality is assessed using four standard metrics [39] computed on the
held-out test pairs: accuracy, precision, recall, and F1 score. Of these, recall is the most
operationally significant metric for space applications: a missed MCU event (false negative)
means that a multi-cell upset goes undetected and could silently compromise ECC protec-
tion, whereas a false alarm (false positive) merely inflates the MCU count in the telemetry
without affecting onboard data integrity. The F1 score is adopted as the primary ranking
metric because it balances precision and recall in a single figure of merit. The false-positive
rate (FPR) is reported as a complementary measure of SCU misclassification.

4.3. Experiments

Six experiments were designed and conducted in order to evaluate different aspects of
the proposed system:

Experiment 1—Per-mapping classification. For each of the five mappings (M1-M5), a
separate MLP model is trained and tested on data from that mapping alone (80/20 split).
The offset-histogram baseline is evaluated on the same splits. This experiment measures
the attainable classification quality when the physical bit-interleaving layout is known and
the classifier is calibrated for a specific chip.
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Experiment 2—Cross-mapping generalization. A single MLP model is trained on
mappings M1-M3, validated on M4 (column-major, unseen during training), and tested on
M5 (random permutation, maximally dissimilar). This experiment quantifies the extent to
which features learned from one set of structured layouts transfer to unseen geometries—a
practical scenario for initial deployment before chip-specific calibration.

Experiment 3—FIFO overflow simulation. The per-DE classified telemetry format
(Section 3.3) is evaluated over a range of SEU intensities A € [2, 200], with 1000 scans
simulated per A value (the choice of upper bound is justified in Section 6). For each scan
cycle, the legacy (1 packet/BU) and classified (1 packet/DE) packet counts are compared
against the 256-entry FIFO depth to determine the overflow rate. This experiment is
independent of the classification method and characterizes the data-loss reduction achieved
by per-DE aggregation alone.

Experiment 4—Sensitivity analysis. To assess whether the MLP performance reported
in Experiments 1-2 is robust to the choice of data-generation parameters, a one-at-a-time sweep
is performed across three axes: (i) the Poisson SEU rate A € {0.5,1.0,2.0,5.0,10.0}, (ii) the
MCU probability Pycy € {0.05,0.10,0.20}, and (iii) the MCU cluster-size distribution
(full mix 85/12/3% vs. MCU-2 only). For each of the eight resulting configurations, the
full data-generation and training pipeline is re-executed with five independent random
seeds. Every seed repeats Experiments 1, 2, and the held-out variant (trained on M1-M2,
validated on M3, tested on M4 and M5), providing three complementary views of classifier
robustness. F1 is reported as mean =+ std across seeds.

Experiment 5—Feature ablation. To determine the contribution of each feature group,
the eight MLP input features are partitioned into three semantic groups: absolute coordi-
nates (fp—f3: normalized addr and bit positions of each BU), linear offsets (fs—fs: |Aaddr|,
|Abit|), and squared offsets (fg—f7: (Aaddr)?, (Abit)?). Four feature-set configurations are
evaluated: Full (all 8), Config A (6 features, squares removed), Config B (6 features, linear
offsets removed), and Config C (4 features, coordinates removed). Each configuration is
tested on all three MLP evaluation protocols (per-mapping, cross-mapping, held-out) using
the baseline data (A = 2.0, Pyicy = 0.10, full mix).

Experiment 6—Alternative classifier comparison. To contextualize the reference MLP
selection, four additional classifier architectures are trained using the same data pipeline
and evaluated under the three protocols above: a decision tree (DT, depth 8), a linear
SVM (9 parameters), a compact MLP (8 — 16 — 1, 161 parameters), and an enlarged MLP
(8 = 64 — 32 — 1, 2689 parameters). All five architectures are subsequently implemented
in synthesizable Verilog and taken through post-implementation in Vivado 2024.1 on the
Artix-7 2007, so that classification accuracy can be compared against FPGA resource cost
on a unified basis.

FPGA implementation. Three design configurations—the Baseline (the original, pre-
viously published AICoRS design [9,23], without on-chip classification), the Histogram
classifier, and the MLP classifier—were taken through the full Vivado 2024.1 implemen-
tation flow targeting the Artix-7 200T (—2 L speed grade, SBG484 package). Synthesis
employed the Flow_AlternateRoutability strategy with LUT combining suppressed
(-directive NoCombineLuts); these settings were required to close routing at the >90%
LUT fill levels characteristic of both classified configurations. Post-implementation utiliza-
tion, timing, and power reports were generated using the Vivado Power Analyzer tool and
serve as the reference for all FPGA results reported in Section 5. In [23], we measured the
power draw of the FPGA chip configured with a similar design and concluded that the tool
estimation matches closely with the measurements.
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Statistical methodology. Each stochastic MLP configuration was evaluated over five
training runs using distinct random seeds (seeds 1-5), affecting weight initialization, mini-
batch ordering, and the train/validation split, while all other experimental parameters
were held fixed. Where aggregate statistics are reported, the mean across the five runs
is given together with the Bessel-corrected sample standard deviation as the measure of
run-to-run variability. For the held-out M4 evaluation, the 95% confidence interval of the
mean F1 score was calculated using Student’s ¢-distribution (n = 5).

5. FPGA Implementation

This section describes how the proposed classification backend is integrated with the
existing AICoRS hardware, how the MLP and offset-histogram classifiers are realized in
synthesizable Verilog, and how the three reference designs (Baseline, Histogram, MLP) com-
pare in post-implementation utilization, timing, and power. The dead-time budget at the
end establishes the operational margin that any future classifier extension must preserve.

5.1. Integration Strategy

The enhanced proposed AICoRS architecture was integrated into the existing AICoRS
Vivado project with minimal modification to the original design. A scan-aggregation mod-
ule replaces the original priority encoder: it accepts the 256-wide BU-ready signal bus from
the detector array and, during the 7947-cycle dead-time window between successive scans,
drives the classification backend with upset pairs from each active detection element, accu-
mulates per-element classification counts, and assembles the classified summary packets.
The classification backend is interchangeable: either the two parallel MLP cores (Section 5.2)
or the offset-histogram lookup (Section 5.3) can be instantiated, sharing the same BU-buffer
infrastructure and aggregation pipeline. The 256 detection-element instances, the PLL, and
all peripheral IP blocks were left unchanged.

5.2. MLP Forward Pass on FPGA

The MLP classifier implements the architecture 8 — 32 — 16 — 1 with ReLU activa-
tions on the hidden layers. The inference datapath uses the folded INT16 weights described
in Section 3.2.2, stored in a single RAMB18E1 block.

Arithmetic is performed in fixed-point Q8.8 format (INT16, 16-bit signed), which
allows all multiply-accumulate (MAC) operations to be mapped onto a single DSP48E1
primitive operating sequentially. The forward pass for one upset pair proceeds as follows:
the 8-element input vector is normalized by pre-stored scale factors. Division by 2047
(address) and 17 (bit-index) is implemented as reciprocal multiplication using precomputed
(8.8 constants, eliminating the need for a divider IP block; three DSP48E1 slices are time-
shared between the two cores for these operations (3 DSP cycles per feature), then the
three-layer computations are serialized through the shared MAC unit. The total latency is
approximately 890 clock cycles per pair at 10 MHz (/89 ps). Two identical MLP cores share
the weight ROM and operate in parallel to halve the per-scan processing time.

The binary classification decision reduces to a sign check on the final accumula-
tor (Section 3.2.2); no sigmoid hardware (LUT, piecewise-linear, or floating-point) is
therefore required.

5.3. Offset-Histogram Classifier on FPGA

The offset-histogram method described in Section 2.3 was also implemented on the
FPGA as an alternative classification backend, sharing the same BU-buffer infrastructure
and per-DE aggregation pipeline as the MLP variant. The FPGA implementation realizes
only the classification phase of the algorithm: the computationally intensive calibration
phase (histogram accumulation, MAD-based peak detection, adjacency-list extraction) is
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performed offline on a ground station, and the resulting adjacency list is loaded into the
FPGA as a pre-computed lookup table.

The hardware consists of four functional blocks. First, a small distributed ROM
stores the adjacency list—typically 10-18 entries, each comprising a (Aaddr, Abit) pair
encoded as a 16-bit word (10 bits for address offset, 6 bits for bit offset). Second, an offset
calculator computes the signed difference (Aa, Ab) between each pair of BU coordinates
using two subtractors. Third, a comparator array tests the computed offset against every
entry in the adjacency list; this can be implemented as a fully parallel array (~288 LUT,
single-cycle latency) or as a sequential scanner (=30 LUT, 1-18 cycles per pair). Fourth,
connected-component logic groups pairwise MCU labels into clusters, identical to the logic
used by the MLP variant.

The total resource footprint of the histogram classifier itself is estimated at ~100-500 LUT,
0 DSP48E1, and 0 BRAM tiles—negligible compared to the BU-buffer overhead that domi-
nates both classified variants. The classification latency is 1 clock cycle per pair (parallel
comparator) or up to 18 cycles per pair (sequential comparator); even in the sequential
configuration, the 14 pairs expected at A = 200 complete in ~720 cycles (=72 us at 10 MHz),
safely within the 7947-cycle dead-time budget.

The key operational constraint of this implementation is that the adjacency ROM
contents must match the actual physical BRAM layout of the specific FPGA device. A new
chip or silicon revision requires a fresh calibration campaign at an accelerator facility to
re-derive the adjacency list. This topology dependence is the fundamental trade-off relative
to the MLP classifier, which operates without chip-specific calibration data.

5.4. Classified Telemetry—Hardware Bitfield

The 80-bit classified packet uses the following bitfield layout: DE_index[8], N_BU[8],
N_SCU[8], N_MCU[8], max_size[4], reserved[16], typel[4], timer[16], flags[8].
Bit [72] serves as the format indicator: a value of 0 identifies a classified per-DE summary,
while a value of 1 denotes a legacy per-BU packet (retained in the RTL for diagnostic
use). This single-bit flag simultaneously provides the OBC with cycle-by-cycle radiation-
environment awareness without additional signaling bandwidth.

5.5. Resource Utilization

Using the implementation flow described in Section 4, all three designs were taken
through synthesis and place-and-route to generate post-implementation reports. Table 2
compares resource usage across the baseline, offset-histogram, and MLP-enhanced designs.

The per-DE BU-buffer infrastructure—four 16-bit entries and a find-first-one priority
encoder instantiated in each of the 256 detection elements—is responsible for the bulk of
the resource increase. The total LUT increment over the Baseline is 40,923 LUTs for the His-
togram design and 42,618 LUTs for the MLP design (Table 2); the post-synthesis hierarchical
utilization report attributes ~85% of this increment, in both cases, to the replicated per-DE
buffer logic rather than to the classifier datapath. The classifier datapath itself contributes a
comparatively minor fraction. The offset-histogram classifier itself requires only a small
adjacency ROM, offset calculator, and comparator array (Section 5.3), contributing negligi-
ble resources relative to the buffer infrastructure. The MLP classifie—two parallel cores
sharing one weight ROM—contributes fewer than 3000 LUTs, one RAMB18E1, and five
DSP48ET1 slices, distributed as follows: one MAC unit per MLP core (two total) and three
for feature normalization (address scaling, bit-index scaling, and squaring), shared between
both cores. The BRAM and DSP overheads are therefore negligible in absolute terms.
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Table 2. Post-implementation resource utilization on Artix-7 200T (134,600 LUTs, 269,200 registers,
365 BRAM tiles, 740 DSP48E1).

Resource Baseline Histogram MLP AHist—MLP

Slice LUTs 81,453 (60.5%) 122,376 (90.9%) 124,071 (92.2%) 41695 (+1.4%)
LUT as Logic 81403 122,326 124,021 +1695
LUT as Memory 50 50 50 0

Slice Registers 86,242 (32.0%) 95,842 (35.6%) 97,788 (36.3%) +1946

Block RAM Tiles 264.5 (72.5%) 264.5 (72.5%) 265.0 (72.6%) +0.5
RAMB36E1 263 263 263 0
RAMBI18E1 3 3 4 +1

DSP48E1 0 (0.0%) 0 (0.0%) 5 (0.68%) +5

5.6. Timing and Power

Table 3 summarizes the post-implementation timing results. All three designs meet
the 10 MHz clock constraint (100ns period) with ample margin. The worst-case setup
slack ranges from +26.132 ns (baseline) to +26.970ns (MLP); in all three cases the critical
path is the debug hub Test Clock (TCK) (33 ns period), not the main 10 MHz clock. The
reported worst negative slack is bounded by the 33 ns debug-hub TCK domain; on the
100 ns main-clock (clk_outl) domain the slack is substantially larger, so the design retains a
wide timing margin at the 10 MHz operating point and is not the limiting factor for any
classifier variant.

Table 3. Post-implementation timing summary (10 MHz clock, 7a200t-sbg484-2L, Slow corner).

Metric Baseline Histogram MLP A(Baseline—MLP)
WNS—Setup (ns) +26.132 +26.63 +26.970 -+0.838
WHS—Hold (ns) -+0.051 +0.054 -+0.051 0
WPWS—Pulse width (ns) +3.000 +3.000 +3.000 0

Timing endpoints (setup) 199,274 242,693 248,527 +49,253

All constraints met Yes Yes Yes —

All power figures reported in this section are post-implementation vectorless estimates
from the Vivado Power Analyzer at typical process corner and nominal supply voltages;
physical measurement on hardware has not yet been performed. Table 4 reports the
on-chip power consumption estimated under these conditions. Both classified variants
consume approximately 0.124-0.127 W more than the baseline, an increase of 17-18%. The
additional dynamic power is distributed between routing and switching logic. DSP and
BRAM components contribute less than 1mW of additional power. The MLP variant
consumes 3 mW less than the histogram variant. Within the MLP variant, the MLP cores
and feature-extraction logic together contribute only ~5 mW—approximately 0.6% of the
total on-chip power. The 3mW gap between the two classified variants (0.836 W vs. 0.839 W)
is therefore within the estimation noise, indicating effectively identical thermal profiles.
Two important caveats apply to these figures: vectorless analysis uses default toggle rates
rather than activity from real workloads, so actual switching activity at runtime may be
lower (particularly during the inter-scan dead-time when most of the design is idle); and
the typical process corner used by Vivado is a midpoint estimate, with a +15-20% spread
across silicon parts due to process variation. Hardware measurement on the deployment
chip is therefore required for final power characterization, as also noted in the Discussion
(Section 6).

5.7. Dead-Time Budget

Within the 7947-cycle dead-time window between successive scans (Section 2.2), the
MLP processing must complete before the next scan begins. Table 5 quantifies the budget
under representative operating conditions.
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Table 4. Post-implementation on-chip power consumption (10 MHz, typical process).

Component Baseline Histogram  MLP A(Baseline—MLP)
Clocks (W) 0.043 0.048 0.048 +0.005

Slice Logic (W) 0.085 0.136 0.136 —+0.051
Signals (W) 0.212 0.282 0.279 +0.067
Block RAM (W) 0.105 0.105 0.106 +0.001

DSPs (W) — 0 <0.001 <0.001
Dynamic (W) 0.566 0.692 0.690 +0.124

Static (W) 0.146 0.147 0.147 -+0.001

Total (W) 0.712 0.839 0.836 +0.124 (+17.4%)

Table 5. Dead-time budget for MLP processing at 10 MHz. Two parallel MLP cores are assumed.

Operation Cycles Time (pns)
Parallel scan of all 256 DE 2053 205
Available dead time 7947 795
MLP forward pass—1 pair, 1 core ~890 ~89
Realistic case (A = 50, ~10 pairs, 2 cores) ~4500 ~450
Accelerator-test case (A = 200, ~14 pairs, 2 cores) ~6400 ~640

Even under the most demanding tested scenario (A = 200 SEU/scan), the two parallel
MLP cores complete all ~14 upset-pair classifications within ~6400 cycles, leaving a margin
of 1547 cycles (155 ps) before the next scan begins. This headroom is sufficient to accommo-
date moderate increases in event multiplicity or future expansion of the classifier without
affecting the 1 ms scan period. If the available dead-time budget is exceeded—an extreme
scenario not observed in simulation—the same fallback path described in Section 3.3
suppresses MLP classification for that scan, ensuring transmission is never delayed.

6. Experimental Results and Discussion

The experimental results are organized as follows: classification performance under
per-mapping and cross-mapping protocols is presented first, followed by the sensitivity
and ablation analyses, the FIFO-overflow characterization, the consolidated three-way
FPGA comparison, and the alternative-classifier evaluation. A unified discussion of the
operational implications concludes the section.

6.1. Classification Performance

Table 6 presents the classification metrics for the offset-histogram baseline and the
MLP classifier across all five synthetic BRAM physical mapping configurations. The offset-
histogram method achieves near-perfect F1 scores (0.996-0.997) for the four structured
mappings (M1-M4), because these layouts produce repeatable, stable offset distributions
that are reliably captured by the histogram peak detector. For mapping M5 (random
permutation), the baseline yields F1 = 0.000: no consistent offset pattern exists, so the peak
detector produces random output.

Unless a table indicates otherwise, the MLP F1 values reported in this section are
means across five independent training seeds; where dispersion is shown it is the Bessel-
corrected sample standard deviation, and 95% confidence intervals are reported for the
held-out M4 evaluation. The per-mapping and cross-mapping results (Table 6), the sensitiv-
ity (Section 6.2), ablation (Section 6.3), and alternative-classifier (Section 6.6) studies were
conducted as independent training campaigns with separate random-seed pools; conse-
quently, the reference-MLP figures may differ by a few percentage points between Table 6
and the later ablation and alternative-classifier studies, while the qualitative ordering of
configurations remains stable. The MLP classifier trained and tested on the same mapping
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(per-mapping experiment) achieves F1 scores of 0.922-0.971 for M1-M4, lagging the baseline
by 2.6-7.5 percentage points. A notable property shared by all four structured mappings
is that the MLP produces almost no false negatives (mean Recall > 0.998): nearly every
MCU event is correctly identified, and the modest precision losses (FPR 2.3—6.0%) reflect
conservative classification that labels borderline pairs as MCU rather than missing them.
This asymmetric error profile is beneficial for space applications, where an undetected
MCU (false negative) is more costly than a spurious alarm (false positive). For mapping M5,
the MLP attains F1 = 0.1785, which—while modest—represents the only non-zero result in
the random-mapping scenario.

Table 6. Classification results—offset-histogram baseline vs. MLP classifier (8 — 32 — 16 — 1,
INT16) per physical BRAM mapping. Per-mapping: model trained and tested on the same mapping
(80/20 split). Cross-mapping: MLP trained on M1-M3, validated on M4, and tested on all five
mappings (M4 and M5 shown). MLP F1 values are reported as the mean + Bessel-corrected sample
standard deviation across five independent training seeds. For the baseline, only F1 is reported;
Accuracy, Precision, and Recall were not included in the baseline evaluation.

Mapping Method Acc Prec Rec F1
M1—Linear (bit-major) Baseline - - N 0.9959
MLP (per-map)  0.9680  0.8966  0.9988 0.9449 + 0.0016
M2—Addr-interleaved Baseline — - N 0-9969
MLP (per-map)  0.9690  0.8987  1.0000 0.9466 + 0.0020
M3—Linear (addr-major) Baseline - - N 0.9970
MLP (per-map)  0.9827  0.9455 0.9984 0.9712 + 0.0055
M4—Column-major Baseline — — — 0.9967
MLP (per-map) 09557  0.8550  1.0000  0.9218 & <0.0001
M5—Random permutation Baseline N - - 0-0000
MLP (per-map)  0.2276  0.0999 0.8576 0.1785 + 0.0027
M4—Column-major (unseen, val) MLP (cross) 0.8160  0.5879 0.9960 0.7392 + 0.0139
Mb5—Random permutation (unseen)  MLP (cross) 0.7064  0.0901 0.2197 0.1275 £ 0.0098

* The baseline produces no usable output on M5 (F1 = 0) because no consistent offset pattern exists. For the
structured mappings M1-M4, the sample standard deviations of Accuracy, Precision, and Recall across the five
seeds do not exceed 0.010. For M5, Accuracy and Recall vary substantially between seeds (up to 0.14), whereas F1
remains low and stable. Bold marks the near-perfect recall values and the calibration-free cross-mapping F1 score.

In the cross-mapping experiment (MLP trained on M1-M3, evaluated on the
two withheld layouts), the classifier attains F1 =0.739 on the unseen column-major map-
ping M4, driven by near-perfect recall (0.996) at a precision of 0.588 (FPR=0.272). The
precision penalty arises because a fraction of coincident SCU pairs exhibit offset signatures
that overlap with genuine MCU patterns learned from the training set. On M5 (random
permutation), F1 drops to 0.128: the absence of any shared offset structure between train-
ing and test layouts leaves the classifier with no transferable discriminative information
(Recall =0.220, FPR = 0.278).

These per-mapping and cross-mapping results illustrate the complementary roles
of the two classifiers. When calibrated on the target chip, the offset-histogram method
is unambiguously superior (F1 > 0.99). The MLP addresses the cold-start regime de-
fined in Section 2.3: it provides a non-trivial classification baseline from the first scan
cycle—accepting a lower accuracy ceiling in exchange for immediate availability without
chip-specific data. The sensitivity analysis in the following subsections quantifies how this
baseline behaves under varying radiation parameters.

The classification results presented here are based on synthetic data; the design has
not been validated on real hardware under irradiation conditions.
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6.2. Sensitivity to Data-Generation Parameters

The classification results reported above were obtained with a single set of data-
generation parameters (A = 2.0, Pyicy = 0.10, full MCU-size mix). To assess whether
these results are an artifact of that specific configuration, a one-at-a-time sensitivity sweep
was conducted: each parameter was varied independently while the remaining two were
held at their baseline values, and the full training—evaluation pipeline was repeated for
five independent random seeds per configuration. Each seed executed three MLP eval-
uation protocols: per-mapping training (Experiment 1), cross-mapping generalization
trained on M1-M3 with M4 as validation target (Experiment 2), and a stricter held-out
variant trained on M1-M2 only, validated on M3, with M4 as primary test and M5 as
adversarial test. The A sweep results are reported in Table 7 and summarized graphically in
Figure 7; Table 8 presents the Pyicy and MCU-size sweeps, and Table 9 reports the held-out
generalization results.

1.0 4 — 1.0 4
.—l—\.
0.8 - T \-\. 0.9 4
N
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5 067 § 074
8 g O
o 0.4 3 0.6
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Figure 7. Reference MLP F1 score as a function of the SEU-rate parameter A (mean + std over
5 training seeds). Left: per-mapping F1 across mappings M1-M5. Right: held-out M4 F1 (trained
on M1-M2) and cross-mapping M4 F1 (trained on M1-M3). Quantitative analysis is provided in
Section 6.2.

Table 7. Sensitivity to SEU rate A: mean F1 + std across five random seeds (Pyicy = 0.10, full
MCU-size mix). Per-map: MLP trained and tested on the same mapping. Cross: trained on M1-M3,
validated on M4, tested on M5. The reference configuration (A = 2.0) is shown in bold.

Per-Mapping F1 Cross-Mapping F1
A M1 M2 M3 M4 M4 (Val) M5 (Test)

0.5 0946 £ 0.015 0.915 & 0.064 0.874 + 0.105 0.739 £ 0413  0.921 £ 0.033 0.262 + 0.017
1.0  0.943 £0.028 0.962 + 0.008 0.960 + 0.008 0.901 +0.049 0.876 £ 0.019 0.224 + 0.012
2.0  0.946 £ 0.001 0.945 + 0.001 0.963 £ 0.005 0.898 + 0.053  0.720 £ 0.034 0.134 £ 0.020
50  0.843 + 0.004 0.843 & 0.002 0.943 + 0.006 0.977 £ 0.007  0.828 £ 0.035 0.048 + 0.012
10.0  0.757 &+ 0.000 0.757 4+ 0.000 0.920 + 0.004 0.966 + 0.008  0.766 + 0.027 0.028 £+ 0.001

Table 8. Sensitivity to MCU fraction (Pyicy) and cluster-size distribution (Size): mean F1 £ std across
five random seeds (A = 2.0). The reference configuration (Pyjcy = 0.10, full mix) is shown in bold.

Per-Mapping F1 Cross-Mapping F1
Sweep Value M1 M2 M3 M4 M4 (Val) MS5 (Test)

0.05  0.861 £0.071 0.895+0.005 0.900 +0.014 0.839 +0.065 0.611 & 0.046 0.064 £ 0.010
Pvcu 0.10 0.946 4 0.001 0.945 £ 0.001 0.963 £ 0.005 0.898 £ 0.053 0.720 + 0.034 0.134 £ 0.020
020  0.959 £0.001 0.960 +£0.001 0.979 £ 0.003 0.958 +0.000 0.780 £ 0.048 0.214 £ 0.028

Full 0.946 £+ 0.001 0.945 + 0.001 0.963 = 0.005 0.898 + 0.053 0.720 & 0.034 0.134 £ 0.020

si
1ze MCU-2 0.944 £0.010 0.945+0.005 0.959 4 0.018 0.898 £ 0.001 0.636 £ 0.034 0.133 + 0.011
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Table 9. Held-out generalization under sensitivity sweep: MLP trained on M1-M2, validated on
M3, tested on M4 (primary) and M5 (adversarial). Mean F1 =+ std across five random seeds; the 95%
confidence interval of the M4 held-out F1 is given explicitly (Student’s ¢, n = 5: mean % t4 9755/ V5,
t40.975 = 2.776). This protocol is stricter than Experiment 2 (two training mappings instead of three).

Held-Out F1
Sweep Value M4 (Mean =+ Std) M4 (95% CI) MS5 (Adversarial)
0.5 0.886 £ 0.104 [0.757,1.000] § 0.225 £ 0.045
1.0 0.914 £ 0.018 [0.892, 0.936] 0.191 £ 0.016
A 2.0 0.807 £ 0.017 [0.786, 0.828] 0.114 =+ 0.005
5.0 0.587 £ 0.081 [0.486, 0.687] 0.070 £ 0.003
10.0 0.667 £ 0.063 [0.588, 0.745] 0.035 £ 0.004
0.05 0.710 £ 0.022 [0.683, 0.737] 0.051 +£ 0.005
Pyvicu 0.10 0.807 £ 0.017 [0.786, 0.828] 0.114 £ 0.005
0.20 0.881 £ 0.017 [0.860, 0.902] 0.154 + 0.007
. Full 0.807 £ 0.017 [0.786, 0.828] 0.114 + 0.005
MCU size
MCU-2 only 0.741 £ 0.059 [0.668, 0.814] 0.113 £ 0.014

§ Upper bound truncated at the F1 maximum of 1.0 (raw symmetric value 1.015); the wide interval at A = 0.5
reflects the small low-rate training set (only 11.9% of scans contain >2 BU). The reference configuration (A = 2.0,
Pyvcu = 0.10, full mix) is shown in bold.

SEU rate (A). The per-mapping F1 scores for the structured mappings (M1-M4) remain
above 0.84 (mean) across the entire 20 x range of A values tested (0.5-10.0), confirming
that the MLP is not sensitive to the overall event density. Two trends are visible. First, at
high A (5.0, 10.0), F1 on M1 and M2 decreases from ~0.95 to ~0.76: the elevated number of
coincident SCU events per scan produces a higher rate of false-positive pairs whose offsets
overlap with genuine MCU signatures, reducing precision. In contrast, M3 and M4 are less
affected (F1 > 0.92 at A = 10) because their physical structures produce more distinctive
offset patterns. Second, at low A (0.5), the training set is substantially smaller (only 11.9%
of scans contain >2 BU, compared to 62.5% at A = 2.0), which increases training variance
across seeds (e.g., M4 std = 0.41) but does not degrade the best-seed performance.

The cross-mapping and held-out results (Tables 7 and 9) reveal two additional findings.
First, both generalization metrics improve at low A: cross-mapping M4 F1 reaches 0.92 at
A = 0.5 versus 0.72 at A = 2.0, and held-out M4 F1 reaches 0.89 versus 0.81, because fewer
coincident SCU pairs reduce the false-positive rate. Second, the held-out protocol (trained
on only two mappings) is more sensitive to high-A noise than the cross-mapping protocol:
at A = 5.0, held-out M4 F1 drops to 0.587 while cross-mapping M4 F1 remains at 0.828.
Training on three mappings provides sufficient structural diversity to absorb the increased
noise, whereas two mappings do not. At moderate intensities (A < 2.0), the two protocols
yield comparable results, and the held-out variant even exceeds the cross-mapping score at
A =1.0(0.914 vs. 0.876), suggesting that the smaller but more homogeneous training set
(M1-M2) can produce a less overfitted model under favorable signal-to-noise conditions.

MCU fraction (Pyicy). Increasing Pyicy from 0.05 to 0.20 monotonically improves
per-mapping, cross-mapping, and held-out F1 across all configurations. At Pyicy = 0.20,
the per-mapping F1 on all four structured mappings exceeds 0.958, and the held-out M4
F1 reaches 0.881. This trend is expected: a higher MCU fraction provides more positive
training examples, improving the class balance and enabling the MLP to learn MCU
offset signatures with greater precision. At Pyicy = 0.05, per-mapping F1 decreases by
approximately 5 pp on average, cross-mapping M4 F1 drops to 0.611, and held-out M4 F1
to 0.710—all still substantially above the chance level of a random classifier.

MCU cluster-size distribution. Restricting the training data to MCU-2 events only
(100%/0%/0%) has minimal impact on per-mapping F1 (within 0.5 pp of the baseline full
mix). The generalization metrics show a consistent but moderate penalty: cross-mapping
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M4 F1 decreases from 0.720 to 0.636 (—8.4 pp), and held-out M4 F1 from 0.807 to 0.741
(—6.6 pp). This indicates that the diversity of offset patterns provided by MCU-3 and
MCU-4 clusters contributes to cross-layout generalization, though the effect is modest since
MCU-2 already dominates the full mix (85%).

6.3. Feature Ablation

To determine which of the eight MLP input features carry the discriminative informa-
tion and whether the feature set can be reduced for a more efficient FPGA implementation,
a systematic ablation study was conducted. Four configurations were evaluated: Full
(all 8 features), Config A (6 features, squared offsets fs—f7 removed), Config B (6 features,
linear offsets f,—f5 removed), and Config C (4 features, absolute coordinates fy—f3 removed,
retaining only the offset-derived features f;—f7). Each configuration was evaluated using
Experiments 1, 2, and the held-out protocol; the hidden-layer architecture (32/16) and all
hyperparameters were held constant, with only the input dimensionality changed. The
numerical results are reported in Table 10, and a graphical summary of the held-out F1
across all four configurations is provided in Figure 8.

I Per-mapping mean (M1-M4) [ Cross-mapping M4 (Exp 2) Hl Held-out M4 (Exp 3)

0.94 0.93 0.94

Full A: no squares B: no offsets C: offsets only
(fo—f7) (fo-f5) (o3, J6~/7) (a~/7)

Figure 8. Feature-ablation results for the reference MLP. Four feature configurations (Full; A: no
squared offsets; B: no linear offsets; C: offsets only) were evaluated under the per-mapping, cross-
mapping, and held-out protocols. Interpretation is given in Section 6.3.

Three findings emerge. First, removing the squared offset features (Config A) is
harmless: across all three evaluation protocols the change relative to the Full configura-
tion is statistically insignificant. Per-mapping F1 changes by at most 1.1 pp on M1-M4,
cross-mapping M4 F1 by —0.9 pp, and held-out M4 F1 by +1.1 pp (from 0.800 to 0.810),
well within the overlapping 95% confidence intervals ([0.745, 0.854] vs. [0.791, 0.829]). This
indicates that the ReLU-based hidden layers can learn the necessary nonlinear distance
sensitivity from the linear offsets alone, so that the pre-computed squared features carry
no additional discriminative information. On the FPGA, eliminating fs and f; would re-
move two 16-bit multiplications from the scan_aggregator module, saving approximately
64 LUTs and 2 DSP48EL1 cycles per pair without degrading generalization to unseen layouts.

Second, removing the linear offsets while retaining coordinates and squares (Config B)
produces the only substantial degradation observed in the study: M2 per-mapping F1
drops by 4.5 pp, and held-out M4 F1 drops by 25.0 pp (from 0.800 to 0.549), with M4
recall collapsing well below the near-perfect levels of the other configurations—the only
configuration in which the MLP fails to detect a significant fraction of MCU events. The
squared features f4, f7 contain the same magnitude information as f4, f5 butin a compressed
nonlinear form that discards the sign and reduces dynamic range for small offsets, making
them an inadequate substitute. Linear offsets are therefore the most critical feature group.

https://doi.org/10.3390/electronics15132814


https://doi.org/10.3390/electronics15132814

Electronics 2026, 15, 2814

23 of 34

Table 10. Feature ablation results averaged over five independent runs. Per-mapping F1 corresponds
to Experiment 1 for structured mappings M1-M4, cross-mapping F1 corresponds to Experiment 2
evaluated on M4, and held-out F1 corresponds to training on M1-M2, validation on M3, and testing
on M4. The rightmost column reports the 95% confidence interval of the mean held-out M4 F1 using
Student’s ¢ distribution with four degrees of freedom. A denotes the difference relative to the Full
configuration, calculated from the unrounded means.

Per-Mapping F1 Cross Held-Out M4 F1

Config Feats M1 M2 M3 M4 M4 F1 Mean 95% CI
Full (fo—f7) 8 0.946 0.946 0.965 0.922 0.740 0.800 [0.745, 0.854]
A:no squares 6 0.945 0.935 0.963 0.922 0.731 0.810 [0.791, 0.829]
B: no offsets 6 0.917 0.901 0.950 0.938 0.636 0.549 (0.441, 0.658]
C: offsets only 4 0.943 0.944 0.955 0.922 0.813 0.746 [0.673, 0.819]
A A vs. Full —0.001 —0.011 —0.002 0.000 —0.009 +0.011 -

A Bvs. Full —0.029 —0.045 —0.014 +0.017 —0.104 —0.250 -

A Cvs. Full —-0.003  —0.002  —0.009 0.000 +0.073 —0.054 -

Third, reducing the feature set to offsets only (Config C, 4 features) preserves per-
mapping performance almost exactly (all A within 0.9 pp for M1-M4) and even improves
cross-mapping M4 F1 by 7.3 pp. The held-out M4 F1 decreases by 5.4 pp (from 0.800 to
0.746), indicating that absolute coordinates provide a modest benefit for generalization
when the training set is small (two mappings), but are not essential. This result con-
firms that the MLP learns an offset-based decision boundary analogous to the histogram
method, with the coordinates serving as auxiliary regularization rather than primary
discriminative features.

6.4. FIFO Overflow Elimination

The packet-level behavior of the two telemetry formats was evaluated over the full
tested range A € [2,200] SEU/scan (Poisson-distributed), with the numerical results sum-
marized in Table 11. The upper bound A = 200 represents an accelerator qualification
intensity (e.g., CHARM/CERN, TAMU, LANSCE) rather than an orbital scenario: typical
LEO upset rates are A < 1 per scan, and even GEO peaks during solar particle events reach
only A &~ 10 per scan. Validating the design at this extreme intensity provides margin for
environments beyond nominal LEO-South Atlantic Anomaly core passages, extreme solar
particle events, and potential future missions in higher-radiation orbits.

For the legacy format the average packet count grows proportionally to the number
of detected BU events, reaching 239.9 packets at A = 200 and thereby exceeding the FIFO
depth of 256 in a fraction of scan cycles. The classified telemetry format aggregates all
upsets within a detection element into a single 80-bit summary, reducing the count to
148.9 packets at A = 200—a 38% reduction (1.61x compression ratio), sufficient to keep all
scans within the FIFO capacity. The compression ratio grows from 1.08 at A = 2 to 1.61 at
A = 200, while the legacy FIFO overflow rate jumps from 0% to 19.4% at the highest tested
intensity. The classified format maintains a 0% overflow rate at every tested intensity.

A radiation monitoring instrument must not silently lose data under extreme
conditions—precisely when the radiation environment carries the greatest scientific and
operational significance. The operational consequence is asymmetric: under the baseline
architecture, dropped events are silent—the OBC has no indication that data have been
lost. The classified telemetry format avoids this failure mode by design: each DE reports
its BU count, SCU/MCU classification, and maximum cluster size on every scan cycle,
even though per-event addresses are not transmitted. This constitutes graceful degradation
(observation at reduced resolution) rather than silent data loss (complete blindness).
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Table 11. Average packet count and FIFO overflow rate vs. SEU intensity A.

A Legacy Pkts/Scan Compressed Pkts/Scan Ratio Legacy Overflow (%)
2 241 223 1.08 0
5 6.03 5.54 1.09 0
10 12.04 10.94 1.10 0
20 24.04 21.39 1.12 0
50 59.98 50.09 1.20 0
100 119.98 90.45 1.33 0
200 239.87 148.88 1.61 19.4
Compressed format overflow Oatall A

6.5. Three-Way FPGA Comparison

Table 12 consolidates the key performance and resource figures for all three con-
figurations. The histogram and MLP variants occupy 122,376 and 124,071 Slice LUTs,
respectively—an increment of 40.9 k and 42.6 k over the baseline. As established in
Section 5, the per-DE BU-buffer infrastructure is responsible for the vast majority of this
growth; the classifier-specific datapath contributes fewer than 3000 LUTs and 5 DSP48E1
slices in the MLP case and negligible additional logic in the histogram case. The Vivado
power analyzer reports 0.839 W and 0.836 W for the histogram and MLP variants—a 3 mW
difference that falls within the estimator’s noise floor. All three configurations achieve
timing closure at 10 MHz with ample margin (WNS > +26ns).

Both classified variants eliminate FIFO overflow at A = 200 by aggregating per-
element statistics into a single 80-bit classified frame. The offset-histogram classifier
achieves near-perfect accuracy (F1 > 0.99) on calibrated structured mappings, while the
MLP achieves F1 = 0.922-0.971 on the same mappings and provides the unique advantage
of calibration-free operation in the cold-start regime.

Table 12. Summary comparison—baseline, offset-histogram, and MLP-enhanced AICoRS designs.

Characteristic Baseline Histogram MLP
On-chip classification No Yes (F1 > 0.99) Yes (F1 = 0.922-0.971)
Calibration required — Yes No
Telemetry format Per-BU (raw) Classified per-DE Classified per-DE
FIFO overflow at A = 200 19.4% 0% 0%
Radiation alarm output No Yes (bit [72]) Yes (bit [72])
Slice LUTs 81,453 (60.5%) 122,376 (90.9%) 124,071 (92.2%)
Slice Registers 86,242 (32.0%) 95,842 (35.6%) 97,788 (36.3%)

Block RAM Tiles 264.5 (72.5%) 264.5 (72.5%) 265.0 (72.6%)
DSP48E1 0 (0%) 0 (0%) 5 (0.68%)
Total power 0.712W 0.839W 0.836 W
WNS—Setup +26.132ns +26.63ns +26.970ns

6.6. Alternative Classifier Evaluation

Experiment 6 extends the FPGA evaluation to four additional classifier architectures
implemented in Verilog and taken through the complete Vivado 2024.1 synthesis and
place-and-route flow targeting the same Artix-7 200T device: a decision tree (DT, depth §,
63 nodes, Experiment 3 training split), a linear SVM (9 parameters), a compact MLP
(8 =+ 16 — 1, 161 parameters), and an enlarged MLP (8 — 64 — 32 — 1, 2689 parameters).
All five classifiers—including the reference MLP (8 — 32 —16 — 1, 833 parameters)—were
implemented within the same base design (256 DE array, scan_aggregator) so that resource
differences reflect classifier cost only. Table 13 consolidates classification accuracy and
post-implementation FPGA resources for all five classifiers. Note that the reference-MLP
figures in Table 13 (124,666 LUT) differ slightly from those in Table 2 (124,071 LUT) because
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the two implementation runs were generated in separate Vivado sessions targeting different
design comparisons (three-way Baseline/Histogram/MLP vs. five-way classifier sweep):
the underlying RTL of the reference MLP is identical, but place-and-route seeding produces
minor variations of order 0.5% in absolute LUT count.

Table 13. Alternative classifier comparison: classification F1 (Python, baseline A = 2.0, Pyscyy = 0.10)
and FPGA post-implementation resources (Vivado 2024.1, Artix-7 200T). ALUT is relative to the DT
design. F1 values are means over five random seeds; held-out M4 F1 is shown with its 95% confidence
interval (Student’s t, n = 5). Per-map M4: per-mapping (Experiment 1); held-out M4: trained on
M1-M2 (Experiment 4). DT and the linear SVM are deterministic across seeds.

Classifier Params  LUT (%) ALUT Timing Per-Map M4 Held-Out M4 (95% CI)
DT (depth = 8) ~63nodes  91.2% — +26.98 ns 0.996 0.650 (det.)

SVM (linear) 9 91.8% +845 +27.54ns 0.922 0.922 (det.) *
MLP8 — 16 — 1 161 92.4% 41737 +2547ns 09121 0.775 1 [0.666, 0.885]
MLP8 —+32—16—1 833 92.6% 41981 +2741ns 09221 0.810 * [0.788, 0.833]
MLP 8 — 64 — 32 — 1 2689 94.2%  +4050  FAIL% 09211 0.772  [0.724, 0.821]

* Mean over five random seeds; the reference-MLP figures come from a training campaign independent of the
sensitivity /ablation studies (Tables 9 and 10). * The SVM’s high held-out M4 is a structural artifact of the shared
bit-major symmetry of M1, M2 and M4, not general transfer: the same model falls to F1 = 0.54 on cross-mapping
M4. ¥ Timing NOT met: 118,647 hold violations (WHS = —0.427 ns); design not deployable. Bold indicates the
selected deployable MLP configuration and its held-out F1 score.

The F1 score of all five classifiers under the three evaluation protocols is summarized
in Figure 9; the reference MLP is the only architecture, among those evaluated, that si-
multaneously satisfies all four operational constraints (highest held-out F1 without an
identified structural artifact, high recall, successful timing closure, and an incremental
classifier-specific cost of 1981 LUTSs, corresponding to approximately 1.5% of the device
LUT capacity, although the complete design remains highly utilized).

I Per-mapping mean (M1-M4) [ Cross-mapping M4 (Exp 2) HEl Held-out M4 (Exp 3)

0.93 0.92 ! 0.94 0.94

F1 score

DT SVM MLP Simple MLP Reference MLP Deeper
(depth=8) (linear) 8—16—1 8§-32—-16—1 8—64—32—1

Figure 9. F1 score of the five evaluated classifiers under three evaluation protocols. Blue bars:
per-mapping mean (Experiment 1 in Section 4, calibrated-ceiling reference). Red bars: held-out M4
(calibration-free deployment regime, trained on M1-M2; protocol defined in Section 4). The reference
MLP (8 — 32 — 16 — 1) is highlighted. Interpretation of the DT, SVM, and enlarged-MLP behavior
is given in Section 6.6.

Per-mapping accuracy (calibrated ceiling). The per-mapping F1 values reported in
this paragraph correspond to the calibrated-ceiling regime (Experiment 1: training and test-
ing on the same mapping). They are presented for completeness and as an upper reference;
the operational performance of the deployed AICoRS classifier is given by the held-out
F1 numbers in the next paragraph. The decision tree achieves the highest per-mapping
F1 on structured mappings (0.994-0.997 on M1-M4), substantially outperforming all MLP
variants. This is expected: a depth-8 tree with up to 131 leaf nodes has sufficient capacity
to memorize the finite set of MCU offset patterns for a specific mapping, functioning as
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a lookup table. The MLP architectures (8 — 16 — 1 through 8 — 64 — 32 — 1) achieve
nearly identical per-mapping F1 (0.91-0.97), with no significant differentiation as a function
of parameter count.

Cross-mapping generalization. The picture reverses completely under the held-out
evaluation protocol (trained on M1-M2, validated on M3, tested on M4 and M5; held-out
protocol, Section 4, Experiment 4). The DT collapses to F1 = 0.650, Recall = 0.487—it
memorizes training-mapping patterns and does not generalize, missing every second MCU
event on an unseen layout. The linear SVM achieves a nominally high held-out F1 = 0.922
on M4; however, this is a structural artifact: M1, M2, and M4 share similar bit-major offset
symmetries, so the linear boundary trained on M1-M2 transfers directly to M4, while
failing completely on mappings with different structure (cross-mapping M4 F1 = 0.540).
The result, therefore, does not constitute cross-mapping generalization in the general
sense. Among the MLP-based classifiers, the reference MLP (8 — 32 — 16 — 1) achieves
the highest mean held-out M4 F1 score of 0.810 (95% CI: 0.788-0.833), with near-perfect
mean recall. The compact MLP (8 — 16 — 1) achieves a mean F1 score of 0.775 (95% CI:
0.666-0.885). The enlarged MLP (8 — 64 — 32 — 1) does not improve the mean held-out
performance despite a 3.2 x increase in parameter count, achieving a mean F1 score of 0.772
(95% CI: 0.724-0.821). It also exhibits greater run-to-run variability than the reference MLP,
indicating that the additional model capacity provides no measurable benefit under the
tested cross-mapping protocol.

FPGA resource comparison. The ALUT overhead relative to the DT design (which rep-
resents the shared infrastructure cost) ranges from 4845 LUT for the SVM to +4050 LUT for
the enlarged MLP. Crucially, even the largest gap—1136 additional LUTs between SVM and
reference MLP—corresponds to less than 0.9% of device capacity, confirming that the choice
among these classifiers is not a hardware-cost decision. The decisive FPGA result is the
timing closure failure of the MLP 8 — 64 — 32 — 1 design: at 94.2% LUT utilization, place-
and-route cannot satisfy hold constraints for the synchronous BRAM-based weight ROM,
producing 118,647 failing endpoints (WHS = —0.427 ns). This design cannot be deployed.
The reference MLP, by contrast, achieves timing closure with WNS = 4-27.41 ns—the same
order of margin as the much simpler DT and SVM designs.

Summary. The reference MLP (8 — 32 — 16 — 1) is the optimal classifier: it achieves
the highest held-out cross-mapping F1 among all tested architectures, maintains near-
perfect recall (near-zero missed MCU events), meets timing closure with ample margin, and
does so at a resource increment of only 1981 additional LUTs (4-1.5% of device capacity)
over the DT baseline. No tested alternative simultaneously satisfies all four criteria.

6.7. Discussion

The central finding of this work is the three-way post-implementation comparison
on the Artix-7 200T (Tables 2-12): the dominant cost of on-chip classification is the shared
BU-buffer and aggregation infrastructure (Section 5), not the classifier datapath. The total
LUT overhead of the MLP variant (442,618 LUT, +31.7%) is dominated by the BU-buffer
infrastructure, with the classifier datapath itself contributing only a small fraction. This
concentration of resource cost in the BU-buffer is a deliberate architectural choice motivated
by three considerations: (i) the parallel scan of 256 BRAM detectors within a single 205 ps
active window requires local per-DE buffering, since a centralized buffer would demand a
256-bit-wide bus or time-multiplexing at unacceptable throughput cost; (ii) per-DE buffers
isolate failure modes, ensuring that a fault in one detection element cannot compromise
the rest of the array; and (iii) the architecture scales linearly with detector count—each
additional DE costs approximately 165 LUT—which yields predictable resource scaling
when porting to higher-density devices. At 92.2% LUT utilization, the MLP design meets
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all timing constraints (WNS = +26.97 ns, WHS = +4-51 ps) after place-and-route with the
Flow_AlternateRoutability strategy and NoCombineLuts directive (Section 4); this is an
operationally valid configuration for the 256-DE target, with the practical implication
that further scaling to 1024+ DE requires migration to a higher-density device rather than
architectural rework.

Three concrete optimization paths exist for future implementations to reduce the LUT
footprint. First, the BU-buffer depth can be reduced from four entries to two: under the
modeled multiplicity distribution, per-DE occupancies exceeding two BU within a single
scan cycle are rare at orbital event rates, so a depth-2 buffer preserves the pair statistics while
halving the dominant replicated storage cost. Second, the £f018 logic can be moved from in-
dividual detector elements to a shared arbiter, eliminating replication across 256 instances.
Third, the system can be ported to a higher-density UltraScale+ device: the 16 nm Ul-
traScale+ BRAM heavy-ion saturation cross-section is approximately 4 x smaller per bit
(=2 x 107? cm?/bit, [10]) compared to the 28 nm generation (7.94 x 10~? cm? /bit, [12]),
which directly reduces the required number of detector elements for a given sensitivity
target and proportionally lowers both LUT and power overhead. A fourth path is sug-
gested by the feature ablation study (Section 6.3): the squared-offset features (f4, f7) can be
removed without any classification degradation (the held-out F1 change lies within the 95%
confidence interval), eliminating two 16-bit multiplications per pair in the feature-extraction
datapath. Combined with a reduction from 8 to 6 input features, this simplifies the first
MLP layer from 8 x 32 = 256 to 6 x 32 = 192 multiply-accumulate operations, yielding a
modest but cumulative saving in both logic and latency.

A further consideration for orbital deployment is the radiation susceptibility of the
classifier weights themselves. The 833 INT16 parameters stored in the RAMBI8E1 weight
ROM (13,328 bits in total) are subject to the same SEU mechanisms as the detector array,
and a single bit flip in a high-magnitude weight could shift the classification boundary
and degrade accuracy. Quantitatively, however, the weight ROM constitutes a small
target: its 13,328 bits represent roughly 0.14% of the ~9.4 x 10° bits of the detector array,
so, irrespective of the radiation environment and the applicable per-bit cross-section, its
expected SEU rate is nearly three orders of magnitude lower than that of the array itself.
Furthermore, the Q8.8 fixed-point encoding produces a strongly bit-position-dependent
sensitivity: the magnitude of the perturbation caused by a single bit flip grows exponentially
with bit position, from £278 ~ £0.004 for the least-significant fractional bit to +128 for the
most-significant magnitude bit, so upsets in the high-order bits constitute the operationally
relevant failure mode. This bit-position-dependent sensitivity is consistent with fault-
injection studies on FPGA-based neural-network accelerators, which mitigate weight
and control-register upsets through selective triple modular redundancy of critical bits,
weight limiting, and error-correction coding of control-state registers [32,33]; in the present
pairwise MLP, the final-layer weights and logic are the most influential for the classification
outcome. Three complementary mitigation strategies are available without significant
architectural changes: (i) remapping the weight memory to a RAMB36E1-based 64-bit
simple-dual-port organization would make the primitive’s native single-error-correction,
double-error-detection (SEC-DED) circuitry available. This would replace the current
RAMB18E1 with one RAMB36E], corresponding to one additional 18-Kb BRAM equivalent.
The required 64/72-bit data packing and ECC-parity initialization or loading would need
to be implemented separately; single-bit errors would be corrected on read, while persistent
errors would still require reloading or scrubbing; (ii) periodic verification and restoration
of the weight memory from a protected golden copy, either through a dedicated user-
logic access path to the BRAM or by reconfiguration through the ICAP interface, with
the refresh interval selected according to the estimated weight-memory upset rate; the
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AMD Soft Error Mitigation (SEM) controller protects the configuration memory and does
not, on its own, correct the contents of user BRAM at runtime; and (iii) triple modular
redundancy of the weight ROM (+2 RAMB18E], raising BRAM utilization from 72.6%
to 72.9%) enables continuous detection and correction of weight upsets with negligible
resource overhead. These approaches are complementary rather than mutually exclusive:
ECC protects against single-bit corruption per access, scrubbing prevents accumulation
of latent multi-bit errors, and TMR provides the strongest guarantee against high-energy
multi-cell upsets within the weight ROM itself, at the cost of more than 200% overhead
in terms of area and power compared to a single processing unit [40]. Recent surveys
confirm that the radiation robustness of on-board machine-learning models remains an
open research area [41]; the implementation and evaluation of these mitigation strategies
on the proposed system is identified as a concrete direction for future work.

The power increase from baseline to either classifier (+0.124-0.127 W) is moderate
and is dominated by the increased routing switching activity rather than the BRAM or
DSP additions. At the 10 MHz operating frequency selected for radiation tolerance [9],
the total on-chip power of both classified variants (0.836-0.839 W) is within the thermal
budget established in prior characterization work [23]. For reference, a 3U CubeSat with
body-mounted solar panels typically operates with a power budget of 7-20 W [42], placing
the AICORS draw at 4-12% of the platform budget. For platforms requiring tighter power
constraints, reducing the BU-buffer depth and increasing the scan period (thereby lowering
dynamic activity) are the most effective levers.

The classification results confirm a fundamental trade-off between the two classifiers,
characterized by four operating points: (a) without prior calibration, the offset-histogram
method has an empty adjacency list and produces F1 = 0; (b) the MLP in calibration-
free deployment achieves a mean held-out M4 F1 of 0.807 £ 0.017 (95% CI [0.786, 0.828],
five seeds; Table 9) on the unseen column-major layout M4 with near-perfect recall (held-
out protocol, Section 4); (c) when chip-specific data are available, the same MLP architecture
reaches F1 = 0.92-0.97 per mapping (Experiment 1); and (d) the histogram method, once
calibrated, achieves F1 > 0.99. Therefore, the MLP does not replace the histogram in
calibrated scenarios; rather, it extends the system’s operational capability to the cold-
start regime—initial deployment, new chip revisions, or missions without prior beam-test
access—where the histogram produces no usable output. In this sense the MLP provides
a non-zero classification floor from first power-on; under chip-specific calibration the
same architecture approaches, although does not fully reach, the calibrated histogram
ceiling (F1 = 0.92-0.97 vs. F1 > 0.99). The near-perfect recall observed across structured
layouts (mean Rec > 0.998) is operationally desirable for radiation monitoring, where
under-reporting MCU events is more harmful to environmental characterization than
over-reporting them. The sensitivity analysis (Section 6.2) reinforces this finding for the
calibration-free deployment regime: across the 20x A sweep and the 4x Pyicy sweep, the
cross-mapping F1 on unseen M4 remains above 0.61 and the stricter held-out protocol
(trained on only two mappings) maintains M4 F1 above 0.59 even in the most challenging
A = 5.0 configuration.

The architecture also supports a smooth transition from calibration-free to chip-specific
deployment via the optional refinement path described in Section 3. When chip-specific
beam-test data become available, retraining is expected to recover the per-mapping F1
ceiling, with an absolute improvement of approximately AF1 ~ +0.11-0.16 over the cold-
start floor (0.81 — 0.92-0.97 on the relevant mapping). Crucially, this refinement does not
require any RTL changes: only the 833 INT16 weights stored in the ROM are updated
through the Python conversion pipeline (Section 3), and the regenerated bitstream is
uploaded over the existing telecommand channel. This deployment-pipeline invariance
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enables a single hardware design to address both first-flight cold-start operation and post-
flight refinement; quantitative validation of the expected improvement on real beam-test
data is itself identified as a target for future work.

The alternative classifier evaluation (Section 6.6) provides a broader empirical context
for the reference MLP selection. The key finding is that resource cost is not the differentiat-
ing factor: the ALUT range between the cheapest viable classifier (SVM, +845 LUT) and the
reference MLP (4-1981 LUT) is only 1136 LUT—less than 0.9% of device capacity. The deci-
sive differentiation is in cross-mapping robustness. The memorization-based DT achieves
near-perfect per-mapping accuracy but fails in cross-mapping scenarios (Recall = 0.487),
while the linear SVM achieves high Exp3 F1 on M4 only because of structural symmetry
between training and test mappings, not general feature learning. The enlarged MLP
(8 = 64 — 32 — 1) further demonstrates that the FPGA resource budget for classifiers is
not unbounded: beyond ~93-94% LUT utilization, routing closure cannot be guaranteed,
and the design fails with hold violations. This establishes a practical upper bound on
classifier complexity for this device and operating point. Taken together, these results posi-
tion the reference MLP as the architecture that best balances classification generalizability,
implementation reliability, and parameter efficiency within the constraints of the target
FPGA platform.

Beyond the per-pair classification accuracy reported above, cluster-level reconstruction
of higher-order events (MCU-3 and MCU-4) deserves separate consideration. Recovering
an MCU-k cluster does not require all (’2{) pairwise labels to be correct: because clusters are
formed by connected-component analysis, a spanning subset of k — 1 correctly identified
adjacency pairs is sufficient to group the cluster, and the iterative bridging procedure toler-
ates a fraction of misclassified pairs. Per-pair errors nevertheless reduce the probability of
recovering the full cluster, and this sensitivity grows with k. Under chip-specific calibration
this effect is small for both classifiers; in the calibration-free regime, however, MCU-3 and
especially MCU-4 events may be under-reported or fragmented into smaller predicted
clusters. The operational impact of this effect is bounded by the rarity of large clusters: at
moderate LET, MCU-3 and MCU-4 events together represent only a few percent of total
SEU events in 28 nm technologies [24] (their fraction rises at high LET and grazing inci-
dence [31]), so the on-board computer is expected to interpret the N_MCU and max_MCU_size
telemetry fields with awareness of this caveat under uncalibrated operation. A targeted
experimental quantification of this effect, together with a multi-class MLP that classifies
clusters of size k € {1,2,3,4} directly rather than composing them from pairwise decisions,
is identified as future work.

Several limitations of the present study should be acknowledged explicitly. First, all
classification results are based on synthetic data with modeled bit-interleaving layouts.
This methodological choice is necessitated by the proprietary nature of the physical bit-
interleaving in Xilinx BRAM [28], which makes direct comparison between simulated and
real silicon geometry impossible without a chip-specific beam-test campaign; nonethe-
less, the five layouts M1-M5 are designed to bracket the geometric complexity expected
on real devices (Section 3.1), and the sensitivity analysis (Section 6.2) demonstrates that
classification performance is not tuned to a specific parameter choice. Second, the random-
permutation layout M5 represents an intentional worst-case stress test rather than a re-
alistic mapping for commercial FPGA devices: silicon vendors deliberately structure
bit-interleaving to optimize ECC efficiency, and a fully random permutation is neither eco-
nomically nor architecturally plausible. The cross-mapping F1 of approximately 0.13 on M5
should therefore be interpreted as a pessimistic lower bound, not as a representative deploy-
ment result, because it combines the absence of learnable offset structure with the exclusion
of some true MCU pairs by the |Aaddr| < 300 candidate window. Third, the synthetic data
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generator models MCU multiplicities in the range 2—4, consistent with empirical observa-
tions at 28 nm technology nodes, where two-cell clusters dominate the MCU population
and clusters of five or more cells account for no more than ~1% of MCU events [24]; larger
or geometrically more complex clusters—for example, elongated multi-cell tracks produced
by grazing-incidence ions—are not represented in the training set. Because the MLP clas-
sifies pairs rather than entire clusters, larger clusters predominantly decompose into the
same dominant neighbor-adjacency offsets observed for smaller MCUs [24,31] rather than
into qualitatively new signatures; the expected failure mode is therefore fragmentation
of such clusters into smaller reported clusters rather than a complete loss of detection.
The parametric synthetic data generator allows the training distribution to be extended
without architectural change, so any future empirical evidence of non-modeled cluster
geometries can be incorporated by retraining alone. Fourth, the 92.2% LUT utilization of
the MLP design (90.9% for the histogram variant) leaves limited headroom for additional
on-chip functionality and constrains scalability on the same device; concrete paths for both
reducing the footprint on this device and migrating to higher-density platforms have been
outlined earlier in this Discussion. Final validation on a physical Artix-7 200T device under
irradiation at a facility such as CHARM/CERN, PSI or TAMU remains the decisive next
step, and is identified as the primary item of future work.

7. Conclusions and Future Work

In this paper, we present an enhanced AICoRS architecture that advances the Baseline
design through the integration of on-chip classification (Histogram and MLP variants) and
per-detection-element telemetry aggregation. The contribution is sixfold: three engineering
items (i-iii) and three analytical studies (iv—vi). Engineering: (i) per-DE aggregation elimi-
nating FIFO overflow; (ii) an offset-histogram classifier achieving F1 > 0.99 on calibrated
layouts; (iii) a calibration-free MLP classifier (8 — 32 — 16 — 1, 833 INT16 parameters) pro-
viding non-zero cross-mapping capability from first power-on. Analytical: (iv) a sensitivity
analysis confirming robustness across a 20x range of SEU rates and a 4x range of MCU
fractions; (v) a feature ablation study identifying squared-offset features as redundant; (vi) a
comparative evaluation of four alternative classifier architectures confirming the reference
MLP as the optimal choice. Detailed numerical results supporting each contribution are
reported in Sections 6.1-6.6.

Post-implementation resource and timing data (Tables 2—12) reveal that the inter-
classifier hardware overhead is marginal compared with the shared aggregation infras-
tructure. The alternative classifier evaluation (Section 6.6) reinforces this finding: even
architectures differing by a factor of 3.2 x in parameter count produce comparable FPGA
footprints, whereas their cross-mapping robustness diverges substantially—establishing
the choice between classifiers as a mission-driven decision.

Building on the contributions and limitations of this paper, four complementary
directions for future work are identified and presented in the following paragraphs.

7.1. Hardware Validation

Validation on a physical Artix-7 200T device under realistic radiation conditions
remains the decisive next step. A beam-test campaign at a heavy-ion or proton facility such
as CHARM/CERN, PSI, or TAMU would characterize the actual physical bit-interleaving
pattern of the deployed chip, generate ground-truth labeled MCU/SCU data for per-chip
classifier retraining, and verify the end-to-end classification and telemetry pipeline under
intensities representative of both quiet-LEO operation and the South Atlantic Anomaly.
Quantitative comparison of measured versus simulated F1 scores will close the loop on the
synthetic-data methodology proposed in this work (Section 3.1).
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7.2. Radiation Hardening of the Classifier

The mitigation strategies outlined in Section 6—RAMB36E1-based single-error-
correction, double-error-detection (SEC-DED) ECC, periodic scrubbing of the weight
memory through explicit BRAM readback, verification, and rewrite, and triple modu-
lar redundancy of the weight ROM (4-2 RAMBI18E], raising BRAM utilization from 72.6%
to 72.9%)—are theoretically sound but have not yet been integrated into the deployment
bitstream. Future work will implement at least one of these mechanisms and quantify the
residual upset rate on the weight ROM under beam-test conditions, providing the empirical
basis for selecting between the three approaches according to the target mission radiation
environment. Beyond the weight ROM, the same strategy will be extended to the reading
and classification logic—in particular, selective ECC and/or TMR of the critical control-
FSM state registers and periodic scrubbing of the MLP datapath—so that the surrounding
control logic is hardened alongside the stored parameters.

7.3. Architectural Extensions

A multi-class MLP that classifies clusters of size k € {1,2,3,4} directly, rather than
composing them from pairwise decisions, would remove the pairwise-composition stage
and could reduce cluster fragmentation caused by pairwise-classification errors. The LUT-
reduction paths identified in the Discussion—buffer-depth reduction, arbiter centralization,
and ablation-informed removal of the redundant squared-offset features (the latter com-
bining a minor feature-extraction change with retraining of the six-input configuration
already characterized in the ablation study)—are expected to reduce the current overhead
while preserving classification quality, with the largest gains anticipated from the first
two paths, which target the replicated buffer infrastructure that dominates the resource
cost. Domain-adaptation techniques and larger multi-mapping training sets are expected
to improve cross-mapping generalization beyond the levels reported in Section 6; the sensi-
tivity analysis (Section 6.2) indicates that even modest increases in the number of training
mappings substantially improve robustness at high event rates. The broader context of
on-board Al for spaceborne instrumentation [43] motivates this direction.

7.4. Power Characterization

Prior measurements on a similar AICoRS configuration have already confirmed that
the Vivado estimates closely track the measured power draw [23], so no dedicated estimator-
validation campaign is required. However, since the hardware-validation campaign out-
lined above will operate the complete classifier configurations under realistic scan activity,
it will also enable direct measurement of the actual power draw of the deployed design,
replacing the vectorless estimates of Section 5 with measured values and establishing the
operational power envelope of the AICoRS classifier.
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Abbreviations

The following abbreviations are used in this manuscript:

AICoRS Al-enabled Cosmic Radiation Sensor

ASIC Application-Specific Integrated Circuit
BRAM Block Random-Access Memory
BU Bit Upset

CRAM Configuration RAM

DE Detection Element

DSP Digital Signal Processor

DT Decision Tree

ECC Error-Correction Code

ESA European Space Agency

FF Flip-Flop

FIFO First-In First-Out

FPGA Field-Programmable Gate Array
FPR False-Positive Rate

FSM Finite-State Machine

GCR Galactic Cosmic Ray

GEO Geostationary Orbit

HDL Hardware Description Language
LEO Low-Earth Orbit

LUT Look-Up Table

LUTRAM  Look-Up Table RAM

MAC Multiply-Accumulate

MAD Median Absolute Deviation
MBU Multiple-Bit Upset

MCU Multiple-Cell Upset

MLP Multi-Layer Perceptron

OBC On-Board Computer

Q8.8 16-bit Signed Fixed-Point Format (8 integer + 8 fractional bits)
ROM Read-Only Memory

RTL Register-Transfer Level

SAA South Atlantic Anomaly

SCU Single-Cell Upset

SDM SEU Detector Matrix

SEE Single-Event Effect

SEFI Single-Event Functional Interrupt
SEL Single-Event Latchup

SEP Solar Energetic Particles

SET Single-Event Transient

SEU Single-Event Upset

SPI Serial Peripheral Interface

SVM Support Vector Machine

TCK Test Clock (JTAG)

TID Total Ionizing Dose

TMR Triple Modular Redundancy
URAM UltraRAM

WHS Worst Hold Slack
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WNS Worst Negative Slack
WPWS Worst Pulse-Width Slack
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