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Introduction
Real-time Near-Sensor Signal Processing

▪ Enable near-sensor intelligence

▪ Real-time processing

▪ Reduce privacy/security issues

▪ Reduce bandwidth requirements

▪ Relevant applications, including

▪ Wearable health-monitoring

▪ Advanced human-machine interfaces

▪ Near-sensor image processing
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Outline
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• SYNtzulu: SNNs for sensor data analysis
• SNNs on low-end FPGAs

• Use-cases: biosignal processing

• OpenHW approach

• ExGFormer: Tiny transformers for sensor data 
analysis
• Approach

• Use-cases: biosignal processing

• Deployment 



SYNtzulu: SNNs for near-sensor 

processing on FPGA
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Near-sensor processing Gateways, 
microserver

Using FPGAs in the edge-to-cloud continuum
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Micro
edge

Meta
edge

Deep
edge

CPUs, GPUs, FPGAs

Performant processors 
and microcontrollers, CPUs, GPUs, 

TPUs, and ASICs

Embedded low-power
microcontrollers, 

smart sensors

Sensors
Actuators Cloud
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FPGA-based AI Inference Accelerators
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Anouar Nechi, Lukas Groth, Saleh Mulhem, Farhad Merchant, Rainer Buchty, and Mladen Berekovic. 2023. FPGA-based Deep 
Learning Inference Accelerators: Where Are We Standing?. ACM Trans. Reconfig. Technol. Syst. 16, 4, Article 60 (October 2023)
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SNNs on FPGA
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▪ Event-based processing

▪ Sparse computations

▪ Energy efficiency

▪ FPGA as target

▪ Control modules near data-crunching logic

▪ Flexibility to implement custom encoding and signal 

processing

▪ Affordable cost compared to neuromorphic processors 
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State-of-the-art: FPGA-based SNN Accelerators
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Optimized for Frequency FPGA target Power

Li et al. MNIST 100 MHz Virtex7 1.6W

Liu et al. MNIST 100 MHz XA7Z020 280 mW

SyncNN MNIST 200 MHz Zynq (ZCU102) 400 mW

Spiker MNIST 100 MHz Artix7 -

▪ Two main directions:
▪ NN emulation for neuroscience

▪ AI inference

▪ Image classification

▪ Mid-to-high end FPGA
devices
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Approach overview

Encoding Decoding

SNN

Encoded input Encoded output

Input
Output

Spike trains Spike trains

11

Sensor

AI-based
analysis result
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SYNtzulu: architecture
Flexible weight memory 

implementation
Parallel neuron and 

axonal delay

Layer-to-layer 
connectivity

Event-driven 
emulation

Software-controllable IO
Clock management
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SYNtzulu is now free for you to download!
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Try me!

https://github.com/gianlucaleone/SYNtzulu



Copyright © 2025

Assessment: low-end implementation

Lattice iCE40UP5k FPGA

▪ 5280 logic cells (4-LUT + Carry + FF)
▪ 8 DSP multiplier blocks
▪ Around 1 Mbit on-chip SRAM
▪ PLL, 2 x SPI, 2 x I2C hard IPs
▪ Two internal oscillators (10 kHz and 48 MHz)

LUT DSP BRAM SPRAM
UC1 4484 (84%) 4 (50%) 22 (73%) 4 (100%) 
UC2 4690 (89%) 3 (37%) 28 (93%) 4 (100%) 
UC3 4262 (80%) 2 (25%) 29 (90%) 4 (100%)

http://www.latticesemi.com/-/media/LatticeSemi/Documents/DataSheets/iCE/iCE40-UltraPlus-Family-Data-Sheet.ashx
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USE CASES
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iEEG ECG sEMG
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Assessment Use Case 1: iEEG
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Vel x

Vel y

Time

Raw signal Encoding: denoising – spike 
emphasis – thresholding - binning SNN Regression results

Reference dataset: J. E. O’Doherty, M. M. B. Cardoso, J. G. Makin, and P. N.Sabes, “Nonhuman Primate 
Reaching with Multichannel SensorimotorCortex Electrophysiology,” May 2020

i-EEG case: finger motion tracking with intracranial EEG decoding
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Assessment Use Case 2: ECG
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ECG case: classifying arrythmic cardiac beats from single-lead ECG signal

Normal beat

S

V

F

Q

Reference dataset: A. L. Goldbergeret al. “Physiobank, physiotoolkit, and physionet: components of a new research resource for complex physiologic signals,”

Raw signal Encoding: denoising – peak detection - delta 
modulation SNN Classification 

results
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Assessment Use Case 3: sEMG
sEMG case: fingers force modelling from HD-sEMG

Raw signal

X. Jiang et al., "Open Access Dataset, Toolbox and Benchmark Processing Results of High-Density Surface Electromyogram Recordings," in IEEE Transactions on 
Neural Systems and Rehabilitation Engineering, vol. 29, pp. 1035-1046, 2021, doi: 10.1109/TNSRE.2021.3082551.

Regression resultsEncoding: delta modulation SNN
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Assessment Use Cases - Flexibility
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Task Num. 
channels

Samp. 
Freq. Bandwidth Encoding Decoding Output

iEEG Neural signal 
decoder 96 12 KHz 18 Mbps Spike detection

None
(output 
neuron 

potential)

2 velocity 
at 1KHz

ECG
ECG 

arrhythmia 
classification

1 360 Hz 6 Kbps
Peak detection and 

heart-beat delta 
encoding

Spike rate 
ranking

Five-class 
classification 

task

sEMG
sEMG finger 

force 
modelling

128 1 kHz 2 Mbps
Continuous raw 

sEMG delta 
modulation

None
(output 
neuron 

potential)

5 fingers force 
modelling
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SNN and training
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▪ Feed-forward SNN

▪ 4 FC layers

▪ I/O match use case dataset

▪ Training library:
▪ SnnTorch for regression

▪ Slayer for classification

In
p

u
t ch

a
n

n
e

ls

USE CASE INPUT 
CHANNELS L1 L2 L3 L4 LOSS LEARNING 

RATE PATIENCE TRAINING 
PLATFORM

iEEG 96

64 128 64

2 MSE 1e-3 50 snnTorch

ECG 8 5 Spike Rate 1e-3, 1e-4, 
1e-5 20 Slayer

sEMG 128 5 MSE 3e-4 30 snnTorch
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Accuracy
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[1] Yik, Jason, et al. "NeuroBench: A Framework for Benchmarking Neuromorphic Computing Algorithms and Systems." arXiv preprint arXiv:2304.04640
(2023).
[2] Y. Xing, et al. “Accurate ecg classification based on spiking neural network and attentional mechanism for real-time implementation on personal
portable devices,” Electronics, vol. 11, no. 12, 2022.
[3] A. Vitale et al. "Neuromorphic edge computing for biomedical applications: Gesture classification using emg signals". IEEE Sensors Journal 22(20)

Reference Accuracy metric Ref. accuracy Ours

iEEG [1] CC 0.77 0.82

ECG [2] Interclass 98.3%​ 98.4%

sEMG [3] R2 0.87 0.87
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Motion intention tracking with SNN -iEEG
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Motion intention tracking with SNN -sEMG
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Inference time and sparsity

I-EEG ECG S-EMG

Sparsity 86% 84,7% 92%

Inference time 19 µs 4 ms 2.9 ms

RT requirement 0.1 ms 500 ms 
(@120bpm)

100 ms
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Power Consumption
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• Inference + I/O + encoding        

• Idle        

• I/O  encoding  

iEEG ECG sEMG

9.83 mW 1.45 mW 3.11 mW

Average power consumption per use case
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SYNtzulu vs other FPGA-based SNN Accelerators
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Optimized for Frequency FPGA target
Inference

power
Energy/synapse

Li et al. MNIST 100 MHz Virtex7 1.6W 28nJ

Liu et al. MNIST 100 MHz XA7Z020 280 mW -

SyncNN MNIST 200 MHz Zynq (ZCU102) 400 mW -

Spiker MNIST 100 MHz Artix7 - 41nJ

SYNtzulu sensor data 22.5 MHz Lattice iCE405K 12.05 mW 62 pJ
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SYNtzulu flying to OPEN-HW ASIC
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Introduction

28

• Low latency

• Scalability

• Portability

• Security

• Reliability

• Energy efficiency

• Massive parallelism

• High biompatibility with
biological signal 

• Reduce entry barriers for 
students and researcher

• Easy collaboration for 
researchers and designers

• Promote innovation, 
research, and development

Edge Computing Neuromorphic computing Open-source EDA tools

The goal of this work is to develop a neuromorphic hardware accelerator for edge applications, leveraging open source EDA tools to 
optimize the design efficiently and affordably.
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Open EDA and PDKs
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• Two RTL2GDSII alternatives: Open-road-flow-scripts and OpenLane

• Two 130 nm open PDKs (standard cells + SRAM memory macros)
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Sky130 + OpenLane
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User space

10 mm2

Spiking Neurons Leaky Integrate and Fire (LIF)

N. parameters 22.6k

SRAM memories 39 KB (23 macros)

Area 3000x3600 𝜇m

Standard Cells 8922

𝐹𝑀𝐴𝑋 100 MHz

Power inference [22 MHz] 28 mW

Power [idle] 0.35 mW

Integrated in the Caravel harness by Efabless
Accepted for publication at DATE2025

FPGA (96 channels iEEG @12KHz) 11.95 mW

ASIC (96 channels iEEG @12KHz) 2.89 mW
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ExGformers: tiny transformers for 
biosignal near-sensor processing
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v

• De-facto standard for GenAI
• Attention mechanism: context awareness
• ViT (Vision Transformer) – high accuracy on images

Does it work on sensor data? 
• Need for near-sensor processing
• Reduce workload with DSE and quantization
• Assess on biosignal use-cases

Tiny transformers
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Topology template

DSE

Transformer definition-to-deployment toolflow
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Assessment
On

Parallel
MCUs

dataset

Constraints

Quantization

D
ep

lo
ym

en
t

• L1 size

• L2 size

• Supported data types

• # cores
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Results aligned with state-of-the-art, without pre-processing for feature extraction

More accurate than CNN
Good performance on (almost) all patients

(except patient 6 – very short seizures)

Use case: seizure detection from 4-channels EEG
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Results aligned with state-of-the-art, more hardware efficient

Use-case: single-lead ECG processing
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Deployment: GAP 8 and 9

# cores

GAP8 GAP9

1 core 8 cores 1 core 8 cores

Frequency 65 MHz 65 MHz 240 MHz 240 MHz

Time/ Inference 283.9 ms 62.2 ms 72 ms 13.7 ms

Power 10 mW 18.1 mW 12.9 mW 22.9 mW

Energy/ Inference 2.9 mJ 1.2 mJ 0.93 mJ 0.31 mJ
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Conclusion

▪ Edge-oriented design and optimization of novel neural models, including Transformers,
Spiking Neural Networks for power efficient and accurate sensor data processing.

▪ Enabling on the Micro-Edge scale for near-sensor processing.

▪ Demonstration of accuracy comparable with the state of the art, and suitable efficiency for
low-power execution on constrained hardware platforms.

▪ Adoption of FPGAs and OpenHW development instruments for ubiquitous AI

37
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Publications
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Syntzulu and SNNs

• Leone, G., Scrugli, M., Badas, L., Martis, L., Raffo, L., Meloni, P., - Syntzulu: A Tiny RISC-V-Controlled SNN Processor for 
Real-Time Sensor Data Analysis on Low-Power FPGAs (2024) TCAS-I

• Matteo Antonio Scrugli; Gianluca Leone; Paola Busia; Luigi Raffo; Paolo Meloni - Real-Time sEMG Processing with Spiking
Neural Networks on a Low-Power 5K-LUT FPGA (2024) IEEE Transactions on Biomedical Circuits and Systems

• Leone, G., Raffo, L., Meloni, P. - On-FPGA Spiking Neural Networks for End-to-End Neural Decoding (2023) IEEE Access

• Scrugli, M.A., Busia, P., Leone, G., Meloni, P. - On-FPGA Spiking Neural Networks for Integrated Near-Sensor ECG Analysis 
(2024) Proceedings -Design, Automation and Test in Europe, DATE

ExGformer

• Busia, P., Cossettini, A., Ingolfsson, T.M., Benatti, S., Burrello, A., Jung, V.J.B., Scherer, M., Scrugli, M.A., Bernini, A., 
Ducouret, P., Ryvlin, P., Meloni, P., Benini, L. - Reducing False Alarms in Wearable Seizure Detection With EEGformer: A 
Compact Transformer Model for MCUs (2024) IEEE Transactions on Biomedical Circuits and Systems, . 

• Busia, P., Scrugli, M.A., Jung, V.J., Benini, L., Meloni, P. - A Tiny Transformer for Low-Power Arrhythmia Classification on 
Microcontrollers (2024) IEEE Transactions on Biomedical Circuits and Systems, . 
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