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Abstract

The explosive growth of IoT devices demands on-sensor intelligence that is ac-
curate and radically energy-efficient. This dissertation investigates In-Sensor Com-
puting (ISC) through a constraints-first hardware–software co-design methodology to
realize tiny, ultra-low-power neural accelerators tightly coupled to MEMS sensors.
The approach shapes network topology, quantization, and fixed-point arithmetic from
the outset to meet stringent limits in area, power, and memory, and validates designs
through FPGA prototyping and CMOS synthesis. Three application-driven case stud-
ies, developed in collaboration with STMicroelectronics, substantiate the methodol-
ogy. The first addresses audio processing for keyword spotting, where a learned 1D-
CNN replaces the conventional CIC+FIR PDM-to-PCM chain, fusing filtering and
decimation and delivering 8-bit/16 kHz PCM with 48 dB SNR while preserving down-
stream accuracy of 89%. The synthesized core in 130 nm CMOS achieves 128.7
µW/MHz within less than 1 mm2. The second focuses on vibration-based predictive
maintenance, employing a hybrid, event-driven pipeline that combines an always-on,
partially binarized in-sensor autoencoder for anomaly detection (AUC = 0.99; 99.61%
accuracy) with an on-demand MCU classifier (up to 94.83%). The in-sensor accelera-
tor sustains sensor output data rates up to 365 kHz and exhibits 333 µW/MHz dynamic
power on FPGA, while standard-cell synthesis in 65 nm reports 0.49 mm2 and 138.6
µW/MHz dynamic power. The third case concerns thermal-stress compensation for
MEMS pressure sensors: the proposed AI-based Reconfigurable Sensor Compensa-
tion Unit (AI-ReSCU) couples a reconfigurable trigger with an iterative neural error
estimator with binarized weights and fixed-point activations to restore accuracy within
±0.5 hPa, recovering up to 1.6 hPa, with 4.46 nW dynamic power in 0.55 mm2. Taken
together, these diverse studies confirm the general applicability of the proposed design
flow: despite their different sensing domains and performance targets, each achieves
state-of-the-art accuracy and efficiency. The dissertation distills generalizable ISC
design principles—early constraint propagation, aggressive resource sharing with se-
rialized compute, selective binarization and low-bit quantization, and event-triggered
operation with deep sleep—showing that competitive machine-learning accuracy and
real-time throughput can be achieved at milliwatt-to-nanowatt power and sub-mm2

area, enabling practical in-sensor AI. Finally, during a 6-month research period at
Johns Hopkins University, an exploratory study investigated Large Language Models
(LLMs)-assisted hardware-description generation, including synthesizable Verilog,
testbenches, and documentation for a recurrent spiking neural network validated on
FPGA and implemented with an open-source SkyWater 130 nm flow, as a comple-
mentary perspective on how the proposed co-design workflow could be accelerated.
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Introduction

The Internet of Things (IoT) is revolutionizing the way the digital and physical
worlds interact, connecting billions of devices—ranging from industrial machines
to consumer electronics—into vast, data-rich networks. These devices continuously
sense, collect, and exchange data, enabling advanced automation, real-time monitor-
ing, and intelligent decision-making across a wide range of domains. However, the
explosive growth of IoT, both in terms of device count and data volume, is intro-
ducing significant challenges in data processing, storage, communication, and energy
consumption.

According to recent estimates, over 27 billion IoT devices are expected to gener-
ate more than 73 zettabytes (ZB) of data annually by 2025. This massive volume of
information is impractical to transmit and process entirely in centralized cloud infras-
tructures. The energy required for wireless communication, the bandwidth limitations
of networks, and increasing concerns over data privacy all call for new paradigms in
distributed computing.

A promising solution to these challenges is Edge Computing (EC), where data is
processed closer to its source. EC reduces latency, lowers energy consumption, and
improves privacy by enabling real-time decision-making at the device level. Going
a step further, In-Sensor Computing (ISC) represents the most granular form of edge
computing: it integrates computational capabilities directly into the sensor package. In
this paradigm, sensors not only detect and transduce physical signals but also perform
part of the processing required to extract meaningful information before it ever leaves
the sensor.

ISC is made possible by decades of technological scaling. Advances in CMOS
technology have drastically reduced the size and power consumption of transistors,
while MEMS (Micro-Electro-Mechanical Systems) sensor technology has evolved to
fit complex sensing functions within millimeter-scale packages. This progress enables
the integration of custom, low-power digital circuits near or within sensors, paving the
way for real-time, localized intelligence.

Despite its potential, ISC introduces new and stringent constraints. Power budgets
are often limited to a few hundred microwatts—or even nanowatts in energy-critical
applications—while silicon area is tightly constrained, typically less than a few square
millimeters. These limitations stand in stark contrast to the computational demands of
modern Neural Networks (NNs), which have proven highly effective for a wide range
of data-driven tasks, but were originally developed for power-hungry platforms such
as GPUs and data centers.

This research aims to bridge the gap between the power of neural networks and
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the severe constraints of in-sensor computing. The objective is to design tiny, ultra-
low-power hardware accelerators for neural networks that can operate within the tight
area, energy budget, and computational capabilities of ISC environments.

To achieve this, the project adopts a hardware–software co-design methodology,
in which the neural model and hardware are developed in tandem. This approach
ensures that architectural decisions—such as network topology, quantization levels,
and computational precision—are made with full awareness of hardware limitations
from the very beginning. Such co-design is essential to produce solutions that are not
only functionally accurate but also physically realizable at the edge.

The design flow consists of five main phases:

• Requirements and specifications definition, where application-level targets
and sensor-integration constraints (power, area, memory, latency, interfaces) are
formalized and propagated through the subsequent stages;

• Data acquisition and pre-processing, where raw sensor data is collected and
cleaned to create meaningful input features;

• Neural network modeling, where different NN architectures are designed and
optimized using quantization-aware training and compression techniques;

• Hardware design, where the optimized model is translated into a digital accel-
erator using hardware description languages;

• Implementation and validation, where the design is prototyped on FPGAs
and synthesized on CMOS standard-cell technology to verify performance and
feasibility near sensor terminals.

Crucially, these steps are not independent. The methodology follows a co-design
loop, where hardware feedback is continuously used to refine the model. If the hard-
ware implementation does not meet the power or area constraints, the model is re-
visited and re-optimized. This tight coupling between software and hardware enables
efficient exploration of the design space under real-world constraints.

The proposed methodology was applied to three case studies, developed in collab-
oration with STMicroelectronics:

1. Keyword Spotting (KWS) using digital MEMS microphones. In this case, a
compact neural network replaces traditional Pulse Density Modulation (PDM)
to Pulse Code Modulation (PCM) converters. The system achieves competitive
accuracy and low latency, with a power consumption of only 128µW/MHz and
an area of 0.09 mm2 in 130 nm CMOS technology.

2. Anomaly Detection (AD) for Predictive Maintenance using accelerometers. A
hybrid architecture combines a binarized autoencoder for anomaly detection
with a lightweight Convolutional Neural Network (CNN) for classification. The
CNN is only activated when anomalies are detected, minimizing average power
consumption while maintaining high diagnostic accuracy.

3. Self-calibration of MEMS pressure sensors. Here, a neural network is used to
dynamically compensate for thermal drift affecting pressure readings. The cali-
bration unit is implemented as a dedicated ASIC, achieving real-time correction
with a power consumption of just 4.46 nW and a silicon area of 0.55 mm2.



These three case studies were selected because they originate from concrete indus-
trial requirements and, together, offer a representative cross-section of ISC scenarios
where an always-on sensing node must extract actionable information under tight in-
tegration constraints. They span different sensor modalities (microphone, accelerom-
eter, and pressure sensor), different signal time constants (from high-rate stream-
ing to slow thermal dynamics), and different objectives (audio front-end process-
ing, anomaly monitoring, and self-calibration). This diversity provides a meaningful
testbed to apply the same constraints-first hardware–software co-design methodology
across heterogeneous contexts and to assess its generality and transferability.

Finally, this thesis includes an exploratory study on the use of Large Language
Models (LLMs) as a productivity aid for hardware development. During a six-month
research period at Johns Hopkins University, an LLM was used to assist the generation
of synthesizable Verilog, testbenches, and documentation for a recurrent spiking neu-
ral network design, validated on FPGA and implemented with an open-source SkyWa-
ter 130 nm flow. This study provides a complementary perspective on how selected
steps of the hardware-development workflow could be accelerated, highlighting the
growing potential of AI not only as an application domain but also as a design tool.

This thesis is organized as follows:

• Chapter 1 provides a state-of-the-art overview of in-sensor computing and neu-
ral networks for edge applications, identifying gaps and challenges in the cur-
rent literature;

• Chapter 2 describes the adopted methodology, including model development,
optimization techniques, hardware implementation, and the co-design approach;

• Chapters 3 through 5 present the three case studies, each detailing the problem
context, model design, hardware implementation, and experimental results;

• Chapter 6 discusses the main findings, cross-case insights, and limitations of
the proposed approach;

• Conclusions summarizes the results and outlines future directions, including
opportunities for AI-assisted design workflows and next-generation smart sen-
sors.

• Appendix A reports an exploratory study on AI-assisted hardware design using
Large Language Models (LLMs), to assist in the design, implementation, and
verification of hardware accelerators. It describes the development of a spiking
neural network accelerator using automatically generated Verilog code, test-
benches, and documentation, and evaluates the effectiveness of this AI-assisted
approach;

Through these contributions, the research demonstrates a concrete pathway toward
the development of smarter and energy-efficient sensors, addressing the computational
demands of tomorrow’s IoT world at the sensor level.

The research presented in this thesis was carried out between 2021 and 2025 and
has been disseminated through peer-reviewed journals and international conferences.
Specifically, it has resulted in 13 conference papers, 3 articles in Q1 journals, and 2
in Q2 journals. References to these works are provided throughout the thesis, and the
complete list of publications is reported at the beginning of this manuscript.



Chapter 1
Survey of Architectures and

Techniques for Edge and In-Sensor
Neural Computing

This chapter provides a comprehensive review of the state of the art relevant to
in-sensor computing and neural networks for extreme edge applications.

While the Introduction of this thesis has already outlined the overarching mo-
tivations for exploring ISC—energy efficiency, minimal latency, and on-device pri-
vacy—the discussion here is on the principal technological approaches and their cur-
rent limitations. As highlighted in the Introduction, integrating processing directly
within the sensing element enables the creation of smart sensors with greater func-
tionality and enhanced performance.

By extracting only the most relevant information at the source, such integration re-
duces the volume of raw data to be transmitted, thereby lowering transmission power,
bandwidth usage, and latency. It also reinforces on-device privacy and security, re-
duces data-storage requirements, and can improve the accuracy and overall function-
ality of the sensors themselves, enabling more effective downstream processing.

Building on these motivations, the present chapter focuses on the technological
approaches proposed to realize ISC and on the limitations that still hinder their adop-
tion. The first part reviews architectural concepts and enabling technologies that allow
computation to be embedded inside a sensor package, highlighting representative ap-
plications and the severe constraints on area and power that shape hardware design.

The second part examines the landscape of neural-network solutions for edge de-
vices, with attention to lightweight model families, compression and quantization
strategies, and hardware platforms capable of meeting extreme resource constraints.

This analysis provides the broader context for the hardware–software co-design
methodology adopted in this research work, showing why dedicated neural hardware
accelerators are essential for practical ISC. Detailed, domain-specific state-of-the-art
reviews are intentionally deferred to the individual case-study chapters, where each
application is examined within its own specialized literature.
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I.1 Principles and Enabling Technologies for In-Sensor Process-
ing

In-sensor processing (also called processing-in-sensor) refers to the integration of
computational capabilities directly within a sensor device or package, so that data can
be partially or fully processed at the point of capture rather than transmitted raw. The
goal is to dramatically reduce the data volume and latency between sensing and in-
ference, improving energy efficiency and enabling more intelligent ”smart sensors”
at the extreme edge. As discussed in the Introduction, moving computation closer
to the sensor can alleviate the bandwidth and energy bottlenecks of shuttling large
volumes of raw data to a separate processor. It also improves on-device privacy by
avoiding transmission of sensitive raw signals. In practice, however, realising effec-
tive in-sensor computing requires careful co-design of algorithms and hardware under
severe area and power constraints, as the logic must fit alongside or within the sens-
ing elements. This section reviews the principal architectural paradigms for in-sensor
processing and the enabling circuit technologies.

I.1.1 Near- and In-Sensor Computing Architectures

Researchers have explored several architectural approaches to push neural network
computations closer to the sensor, which can be broadly categorized as near-sensor,
in-sensor, or in-pixel processing, as illustrated in Fig. I.1 (Datta et al., 2022).

Near-sensor processing places a dedicated processor or accelerator adjacent to
the sensor—on the same board or in a 3D-stacked package—so that raw data need
not travel to a remote edge device (Pinkham et al., 2021). This shortens interconnects
and cuts transfer overheads. For example, Pinkham et al. (2021) report a 64% energy
reduction when a low-power CNN accelerator is co-packaged with an image sensor
for MobileNet inference. A notable industrial case is Sony’s Intelligent Vision Sensor
IMX500, which bonds a pixel array to a logic layer hosting a digital signal processor,
achieving up to ∼5 TOPS/W for CNN inference (Eki et al., 2021). Such 3D stacking
illustrates how computation can be performed “next to” the sensor, avoiding the high
latency and power cost of streaming full-resolution data.

In in-sensor processing, the sensor ASIC itself integrates analog or digital circuits

Figure I.1: Comparison of sensing–compute architectures from (Datta et al., 2022): (left)
near-sensor processing with an on-board CPU, (center) in-sensor processing using periphery
circuits, and (right) the proposed processing-in-pixel-in-memory approach that eliminates
data-transfer bottlenecks. Image extracted from (Datta et al., 2022).
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Figure I.2: The Pixel Processor Array described in (L. Bose et al., 2020) executes
computations directly on the image sensor chip through a SIMD processor grid, where each
pixel integrates an arithmetic logic unit (ALU), local memory, and connections for
communication with adjacent pixels. Image extracted from (L. Bose et al., 2020).

to process signals before they leave the chip (Z. Chen et al., 2020; LiKamWa et al.,
2016). This approach can output only high-level features or classifications, dramati-
cally reducing data transfer and ADC power. Early work such as RedEye performed
the first convolutional layers of GoogLeNet directly in the analog front-end, cutting
per-frame energy by over 5× (LiKamWa et al., 2016). Other designs embed small
CNNs in the sensor’s readout path to perform tasks such as face detection at sub-volt
operation (Hsu et al., 2022). Most implementations rely on column-parallel circuits
at the array periphery rather than true per-pixel compute, which limits bandwidth for
very high resolutions but still removes the need to digitize and transmit redundant raw
data.

In-pixel processing pushes computation to the pixel level, so that each pixel con-
tains not only the photodiode but also minimal logic or analog devices to process its
own signal, as shown in Fig. I.2 (L. Bose et al., 2020). Digital pixel-processor arrays
(PPAs) execute SIMD operations across a grid of tiny ALUs, enabling real-time filter-
ing or shallow CNN layers, albeit with reduced resolution or low-bit precision due to
area constraints. Analog approaches exploit device physics for multiply–accumulate
operations using elements such as 2D semiconductor phototransistors (Mennel et al.,
2020) or memristive cells (Ouyang et al., 2024), achieving prototype energy efficien-
cies up to 10–17 TOPS/W (Song et al., 2022). These concepts promise extreme par-
allelism and minimal data movement but face challenges of noise, limited precision,
and integration with standard CMOS.

The use of emerging materials (2D semiconductors, memristors, etc.) means these
sensors are often experimental and not compatible with standard CMOS fabrication
yet. Moreover, analog computations suffer from noise, device variation, limited pre-
cision, and lack of programmability. Many analog in-pixel demonstrations to date
handle only binary or few-bit signals or require off-chip training/calibration due to
device non-idealities. For instance, some designs encode neural network weights as
variable exposure times or pulse widths applied to pixels (Datta et al., 2022), which
indeed implements a form of analog multiply but necessitates supplying those con-
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Figure I.3: Physical crossbar array used for analog in-memory computing (AIMC). Each
intersection between rows x1 . . . xn and columns z1 . . . zm contains a programmable
conductance gi,j , enabling matrix–vector multiplication by applying input voltages to the rows
and collecting output currents from the columns. Image extracted from (Antolini et al., 2025).

trol pulses from an external memory, partly negating the data reduction benefits. In
short, while in-pixel computing (especially analog) offers a tantalizing vision of ultra-
efficient co-located sensing and processing, it remains difficult to implement multi-
layer, high-accuracy deep networks entirely inside a standard sensor pixel array with
current technology.

I.1.2 Technology Drivers and Constraints

The move toward ISC is driven by technology trends that bring computation closer
to the sensing plane, even as stringent always-on constraints continue to shape design
choices. Advanced CMOS processes, 3D integration, on-sensor memory, increasingly
complex analog/digital circuits, and moderate application requirements now make it
feasible to shift part of the processing directly inside the sensor. Below we highlight
the key drivers and the core constraints that shape practical ISC solutions.

Technology drivers enabling ISC:

• Advanced CMOS process scaling and 3D stacking – Smaller CMOS nodes
and stacked sensor–logic architectures (e.g., backside-illuminated pixel arrays
bonded to a separate logic die) create extra silicon area for neural accelerators
and control circuits without compromising optical performance.

• On-sensor memory integration – Embedded SRAM or emerging non-volatile
memories can be placed beneath or alongside the pixel array, enabling local
storage of neural-network weights and temporary buffers for feature data.

• Mature active-pixel sensors and low-power ADCs – Modern APS designs
support more complex per-column or grouped-pixel circuitry, allowing basic
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computation during readout while keeping pixel noise and fill-factor within ac-
ceptable limits.

• More capable analog/digital circuit blocks – Improvements in low-power
analog front-ends and compact digital logic make it practical to embed mul-
tiply–accumulate or small neural units directly on the sensor die.

• Moderate requirements of many edge applications – Tasks such as vibration
monitoring, always-on audio, or event-driven vision often operate at low reso-
lution or frame rate, relaxing area and bandwidth demands and favoring early
feature extraction instead of full raw-data transmission.

Key Constraints Governing Practical ISC Implementations:

• Ultra-low power budgets – Sensors are often always-on and must operate in
the microwatt–milliwatt range. Any integrated compute therefore needs aggres-
sive power management: near- or sub-threshold operation, deep clock gating,
event-driven wake-up strategies, and careful minimization of memory access to
avoid excessive dynamic power.

• Limited silicon area and pixel fill-factor – Logic circuits compete with the
light-sensitive photodiode area. Adding transistors can reduce the effective
pixel size or degrade sensitivity, so designers often move compute to the col-
umn periphery or adopt 3D stacking to reclaim area while preserving optical
performance.

• Precision and robustness trade-offs – Analog processing can deliver excellent
energy efficiency but suffers from noise, device variability, and limited pro-
grammability. Digital implementations are more robust and reconfigurable but
consume more energy and require larger transistor counts. Many designs adopt
a mixed-signal approach to balance these factors.

• Memory and bandwidth limits – In-sensor architectures cannot rely on large
off-chip DRAM. On-chip buffers must be extremely small, so data reuse, early
feature extraction, and streaming computation are critical to keep internal band-
width and storage demands within feasible limits.

• Thermal constraints – Because sensors may be embedded in compact or sealed
systems, even modest power dissipation can raise local temperature, affecting
both sensor noise and device reliability. Thermal considerations strongly influ-
ence clock frequency, supply voltage, and duty cycling.

I.1.3 Analog vs. Digital In-Sensor Computing

In practice, analog vs. digital in-sensor computing boils down to complementary
strengths and hard constraints:

• analog excels at ultra-low-energy MACs and natural parallelism by operating
before the ADC, but pays in precision, variability, and limited programmability
(LiKamWa et al., 2016; Ma et al., 2019);
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• digital offers robustness, exactness for a given bit-width, and a mature tool/IP
ecosystem, but must tame switching and memory power via quantization and
model compression (Ray, 2022);

• hybrid partitioning leverages analog where energy-per-operation is unbeatable
and uses digital for non-linearities, memory, and control, as in processing-in-
pixel(-in-memory) schemes (Datta et al., 2022).

Analog approaches exploit the fact that signals are born analog: charge sharing
and current summation can implement convolutions with orders-of-magnitude lower
energy per operation, while massively parallel operation across the array minimizes
data movement (LiKamWa et al., 2016). The price is sensitivity to noise and PVT
variations, tight precision (often 1–4 bit for weights/activations), and reduced flex-
ibility—especially when specialized devices (e.g., memristors or 2D materials) are
involved and not yet mainstream in CMOS image-sensor flows (Mennel et al., 2020;
Ouyang et al., 2024). Digital compute, by contrast, cleanly interfaces with existing
readout chains (or even consumes a Σ∆ bitstream directly in certain sensors), scales
with standard CMOS, and remains reprogrammable and verifiable; yet, clocks, buses,
and memories dominate energy unless networks are co-designed for tiny footprints
(low-bit quantization, depthwise separable kernels, pruning) (Ray, 2022). A prag-
matic consensus is thus a mixed-signal co-design: perform early, high-parallelism
MACs or feature extraction in the analog domain to curb ADC and bandwidth, then
hand off to lean digital blocks for ReLU/BN, control, and final classification—an ap-
proach validated by recent processing-in-pixel(-in-memory) demonstrations (Datta et
al., 2022) and by commercial “smart sensors” that pair analog front-ends with small
digital cores for on-package inference.

In summary, the state of the art in edge AI sensors spans a spectrum from purely
analog in-sensor computing to fully digital on-sensor processors, with various inter-
mediate hybrids. Each approach must contend with the stringent area and power limits
inherent to sensor-integrated circuits. The review above shows that embedding neu-
ral network processing at the sensor is not only conceptually possible, but already
yielding working prototypes and even initial products. However, it also underscores
why a careful hardware-software co-design is essential: one must tailor the neural net-
work (architecture, quantization, etc.) to the constraints of the sensor hardware, and
conversely design the hardware to efficiently support the operations that the neural
algorithm actually needs. This co-design philosophy is a central theme of this thesis.

Given the practical considerations, our work gravitates toward the digital end of
the spectrum, using traditional CMOS design flows to create extremely compact neural
network accelerators that can be integrated with sensors. The rationale is that digital
circuits in scaled CMOS provide the most predictable, reproducible behavior and are
readily synthesizable, which is advantageous for industrial adoption. While analog
and exotic-device approaches are promising, their uncertainties in fabrication and al-
gorithmic generality are higher at this stage. By focusing on digital in-sensor comput-
ing, we leverage existing technology (standard CMOS, standard cell libraries, SRAM,
etc.) to implement neural network inference engines that operate within micro-Watt
power budgets. Chapters to follow will detail how we design such accelerators and
corresponding tiny neural networks for various sensing applications (from vibration
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monitoring to pressure sensor compensation). Each case study will demonstrate the
hardware/software co-design needed to meet the extreme edge constraints, building
on the principles and state-of-art techniques surveyed here. Our approach, in line
with recent trends, validates that with careful design, a digital CMOS smart sensor
can significantly enhance functionality (running AI algorithms on raw sensor data)
while respecting the tight power and area envelopes of embedded sensing platforms.
This confirms that digital in-sensor computing is not only an attractive concept but a
feasible solution for next-generation ultra-efficient edge intelligence.
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I.2 Neural Network Design Techniques and Hardware Platforms
for Deployment on Edge Devices

Deploying neural networks on resource-constrained edge devices (such as micro-
controllers and IoT sensors) requires model and hardware innovations beyond those
used in power-rich cloud environments. Edge devices operate under strict limitations
in memory, compute capacity, and energy supply. Accordingly, the state of the art in
TinyML (tiny machine learning) has evolved a toolkit of strategies to enable efficient
on-device inference while maintaining acceptable accuracy. This section reviews these
strategies at both the model level and the hardware level, and outlines the standard
TinyML development flow that has inspired the custom ASIC-oriented methodology
proposed in this thesis.

I.2.1 Model-Level Strategies for Edge Deployment

One approach to meeting edge constraints is lightweight neural network archi-
tecture design. Over the past few years, researchers have proposed neural architec-
tures explicitly optimized for low compute and memory footprint. A seminal example
is SqueezeNet, a small CNN that achieves AlexNet-level accuracy with 50× fewer
parameters (model size <0.5 MB) by using bottleneck “fire” modules with 1×1 con-
volutions (Iandola et al., 2016). Another prominent family is MobileNet, which intro-
duced depthwise separable convolutions to drastically reduce the number of multipli-
cations per inference (Howard et al., 2017). MobileNet-v2 further improved on this
with inverted residual blocks and linear bottlenecks, allowing even deeper networks at
a fraction of the cost of conventional CNNs (Sandler et al., 2018). These design pat-
terns (depthwise separable filters, bottlenecks, etc.) have become standard in TinyML-
friendly models. For extreme resource budgets, researchers have also explored bina-
rized or ternarized neural networks, where weights (and sometimes activations) are
constrained to ±1 or −1, 0,+1, vastly simplifying the required arithmetic operations
(Yannan Wang et al., 2018; S. Woo et al., 2024). Such aggressively quantized models
can replace expensive 32-bit multiply-accumulate operations with bit-wise operations,
though often at some loss in accuracy.

In addition to manually designed small models, neural architecture search (NAS)
has emerged as a powerful tool for discovering efficient networks tailored to edge
devices. NAS methods automate the exploration of architecture configurations un-
der resource constraints (e.g. limiting total operations, memory footprint or latency).
For instance, MnasNet was obtained via a platform-aware NAS that incorporated real
smartphone latency into the reward function, yielding a model that is 1.8× faster than
MobileNet-v2 for similar accuracy (Tan et al., 2019). Facebook’s FBNet similarly
used a differentiable NAS approach to find networks optimized for hardware efficiency
(B. Wu et al., 2019). More recent efforts like TinyNAS (part of the MCUNet frame-
work) explicitly target microcontroller limitations, co-designing the search space and
inference engine to fit within a few hundred kilobytes of memory (Lin et al., 2020a).
There are also curated collections of efficient “micro architectures” produced by com-
munity challenges; for example, the MicroNets project evaluated numerous tiny mod-
els on common microcontroller tasks, yielding a set of architectures that push the
Pareto front of accuracy vs. resource usage for TinyML applications (Banbury et al.,
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Figure I.4: Overview of lightweight deep learning model techniques, illustrating key strategies
such as pruning, quantization, knowledge distillation, and architecture design, along with their
principal subcategories and hierarchical relationships. Image extracted from (Musa et al.,
2025)

2021). Across these approaches, the guiding principle is to maximize model com-
pactness and efficiency — in terms of parameter count, operation count, and memory
access — while preserving as much task performance as possible. Techniques like
layer width scaling, reduced kernel sizes, and operation fusion are commonly em-
ployed. Early profiling on target hardware or simulators is often used during design to
ensure the network meets the intended latency and memory targets (Lin et al., 2020a).

Beyond architectural choices, there is a rich toolkit of model compression and
optimization techniques, summarized in Fig. I.4 (Musa et al., 2025), to further reduce
the footprint of neural networks for edge deployment.

Quantization is one of the most effective: by reducing the precision of network
parameters and activations from 32-bit floating point to 8-bit (or even lower) integers,
the model’s memory usage and compute cost can be cut dramatically. Integer arith-
metic is not only faster on many embedded processors, but also yields lower power
consumption. Post-training quantization (PTQ) can be applied to a pre-trained model,
converting weights to 8-bit integers and optionally calibrating activations on a cali-
bration dataset. This typically incurs only a small loss in accuracy for many vision
and audio models, while yielding a 4× reduction in model size and similarly large
speedups by leveraging efficient integer arithmetic (Jacob et al., 2018). For example,
Jacob et al. (2018) showed that an 8-bit quantized MobileNet can run significantly
faster on mobile CPUs with only minor accuracy degradation. For even better accu-
racy retention, quantization-aware training (QAT) can be used: here, the model is
trained (or fine-tuned) with fake quantization nodes in the graph so that the network
learns to operate under low-precision constraints. QAT tends to outperform PTQ in
accuracy, especially when quantizing below 8-bit, at the cost of a more complex train-
ing procedure (Jacob et al., 2018). Tools like QKeras provide convenient layers for
QAT, enabling training with mixed precision or ultra-low precision (e.g. 4-bit, 2-bit)
while accounting for hardware deployment constraints (Coelho et al., 2021).
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Another major approach is pruning, which eliminates redundant parameters or
structures from the model. By removing less impactful weights (unstructured pruning)
or even entire neurons/filters (structured pruning), one can obtain a sparser network
that computes faster and uses less memory. Han et al. (2015b) demonstrated that it-
erative pruning combined with fine-tuning can dramatically compress models – for
example, pruning yielded 9× fewer parameters on AlexNet with no loss in accuracy,
and 13× fewer on VGG-16 with only 0.4% accuracy drop (Han et al., 2015b). Pruning
works synergistically with quantization: after pruning, the remaining weights can be
quantized for additional gains, as shown in the “Deep Compression” framework Han
et al., 2015b. Modern pruning techniques often aim for structured sparsity (removing
whole filters or channels) so that the resulting model can still exploit efficient dense
operations on hardware (Molchanov et al., 2017). There is ongoing research into hard-
ware accelerators that can take advantage of fine-grained unstructured sparsity as well,
although irregular memory access patterns can limit the speedups on general-purpose
processors.

A complementary technique to reduce model complexity is knowledge distillation.
In distillation, a large, high-accuracy “teacher” model (or an ensemble of models) is
used to guide the training of a much smaller “student” model (Hinton et al., 2015).
Rather than training the student solely on the original dataset labels, the student is
also trained to match the teacher’s soft output probabilities (or intermediate repre-
sentations). These softer targets provide richer information, helping the small model
mimic the teacher’s function. Knowledge distillation has proven effective in boosting
the accuracy of compact models without increasing their size or latency. For edge
scenarios, one might train a big network offline (e.g. a ResNet on a GPU cluster) and
then distill its knowledge into a tiny network suitable for a microcontroller. The result
is often a significant improvement in the student model’s accuracy compared to train-
ing it from scratch or with naive label training, closing some of the performance gap
due to model size reduction (Hinton et al., 2015). Distillation can be combined with
the other techniques above: for instance, one could quantize a model and then use a
teacher to fine-tune it via distillation, or distill a large model into a smaller architecture
that was found by NAS. By mixing and matching architecture innovation, quantiza-
tion, pruning, and distillation, state-of-the-art TinyML pipelines are now capable of
running complex tasks (image classification, keyword spotting, anomaly detection,
etc.) on tiny Cortex-M class microcontrollers within tight memory (tens of kilobytes
of RAM/Flash) and latency (tens of milliseconds) budgets (Banbury et al., 2021; Lin
et al., 2020a). Notably, these optimizations typically involve iterative refinement: de-
velopers may alternate between training (or fine-tuning) the model with constraints
and evaluating on hardware simulators or profilers to ensure the design will meet the
deployment requirements.

I.2.2 Hardware-Level Strategies and Edge AI Accelerators

Model improvements alone are often not sufficient – efficient hardware imple-
mentation is equally crucial for edge neural networks. Contemporary approaches
span from optimizing software on existing microcontroller units (MCUs) to design-
ing specialized neural accelerators. At the simplest level, software libraries can greatly
improve the efficiency of neural network inference on commodity microcontrollers. A
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prime example is ARM’s CMSIS-NN library, which provides highly optimized fixed-
point kernels for common operations like convolutions, fully-connected layers, and
activations (Lai et al., 2018). By carefully implementing these functions in assembly
to utilize the processor’s DSP instructions and parallelism, CMSIS-NN achieves sub-
stantial speedups (e.g. 4.6× faster inference and nearly 5× lower energy for a suite of
benchmarks, compared to baseline C implementations) (Lai et al., 2018). Such low-
level optimizations take advantage of hardware features (like 8-bit SIMD operations
and specialized MAC instructions) that are often underutilized by general-purpose
compilers. In addition to CMSIS-NN (which targets Arm Cortex-M cores), many mi-
crocontroller vendors provide their own inference libraries or SDKs (e.g. NVIDIA’s
TensorRT for their Jetson SoCs, or Cadence’s optimized libraries for Tensilica DSPs),
aiming to squeeze out every drop of performance. On top of these kernels, lightweight
inference runtimes such as TensorFlow Lite Micro abstract the deployment process:
TFLite Micro takes a trained model and handles tasks like tensor allocation, quantized
operator invocation, and platform abstraction, all within a few kilobytes of code over-
head (David et al., 2021). It is designed to run without dynamic memory allocation
or operating system support, matching the constraints of bare-metal MCU environ-
ments. Using such frameworks, developers can deploy a neural network (after quan-
tization) onto devices with as little as 32KB of RAM. Other frameworks like µTVM
(micro TVM) (Y.-H. Chen et al., 2017) and vendor tools (e.g. STMicroelectronics’
STM32Cube.AI code generator) serve a similar purpose: they take a high-level model
and generate highly optimized C/C++ or assembly code for a specific target device,
often integrating with the vendor’s IDE and toolchain. These tools also perform ahead-
of-time analysis of memory usage (to statically plan tensor buffers in limited SRAM)
and check that the model’s layers are supported on the target device. By deploying on
actual hardware or cycle-accurate simulators, developers can profile the inference to
measure latency (e.g. in ms) and energy consumption (e.g. via on-board power mon-
itors), ensuring the model meets the real-time requirements of the application (Reddi
et al., 2021).

For use cases that demand orders-of-magnitude higher performance or efficiency
than general MCUs can offer, designers turn to specialized edge AI accelerators.
These range from neural processing units (NPUs) integrated into system-on-chip de-
vices (for example, the ARM Ethos-U microNPU or the NPU in modern smartphone
SoCs) to standalone accelerator chips like Google’s Edge TPU. The fundamental idea
is to provide dedicated hardware datapaths for the common operations in neural net-
works (matrix multiplies, convolutions, etc.), optimized for throughput and energy
efficiency. By removing the overhead of general-purpose instruction processing and
tailoring memory hierarchies to neural network dataflows, accelerators can achieve far
better energy-per-inference. For instance, the Eyeriss accelerator demonstrated effi-
cient convolutional neural network processing with a spatial array of processing ele-
ments, achieving significant energy savings by exploiting data reuse and minimizing
off-chip memory access (Y.-H. Chen et al., 2017). In general, off-chip DRAM access
is extremely energy-expensive relative to on-chip computation, so many accelerators
employ scratchpad SRAM buffers and smart scheduling to reuse weights and activa-
tions as much as possible (Y.-H. Chen et al., 2017; Sze et al., 2017). Architectures like
Eyeriss and others in the literature make heavy use of parallelism (hundreds of small
multiply-accumulate units operating simultaneously) and customized interconnects to
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keep data flowing efficiently between memory and compute units. The result can be
measured in tera-operations per second per Watt (TOPS/W) – a common metric for
efficiency. Modern edge AI chips achieve on the order of 1–10 TOPS/W, which is
an order of magnitude higher than typical microcontroller efficiency. Google’s Edge
TPU, for example, delivers up to 4 trillion operations per second in a small module
powered by only a few watts, by leveraging an array of 8-bit multiply-add units and
an on-chip memory optimized for conv layer access patterns.

While these accelerators provide raw speed, they introduce design trade-offs in
energy, latency, and area. A larger accelerator array can compute more operations
in parallel, reducing latency for a given inference, but it consumes more silicon area
and typically more power (especially dynamic power from switching many units each
cycle). Conversely, a smaller or more power-gated design might save energy at the
expense of higher latency or lower peak throughput. In edge scenarios, the optimal
design often depends on the application requirements: “always-on” inference tasks
(like wake-word detection or continuously monitoring a sensor) prioritize ultra-low
energy per inference so that the device can run on battery or harvested energy indef-
initely, whereas less frequent but compute-intensive tasks might tolerate a bit more
energy per inference for faster results. Designing accelerators thus becomes a multi-
objective optimization: minimize energy and area while meeting a certain latency
target. Techniques such as voltage/frequency scaling, power gating, and clock domain
separation are used to strike this balance in hardware (Sze et al., 2017). Moreover,
since memory accesses dominate energy cost, many accelerators use model sparsity
and compression to reduce the data volume moved on- and off-chip (e.g., skipping
zero weights or using weight compression formats). Some digital accelerators even
support dynamic voltage and frequency scaling (DVFS) or operate in near-threshold
voltage regimes to further cut power, though this can introduce variability in perfor-
mance. Beyond digital designs, there are emerging analog and in-memory computing
approaches to accelerate neural networks; however, these are still largely experimental
and face challenges with precision and flexibility. For mainstream edge AI in 2025,
digital accelerators optimized for 8-bit integer operations remain the prevalent solu-
tion. The diversity of hardware – from 32-bit microcontrollers with DSP extensions,
to NPUs in IoT SoCs, to tiny always-on ASICs – means that TinyML model design
must often be hardware-aware, tailoring the neural network to exploit the strengths
and mitigate the weaknesses of the deployment platform.

I.2.2.1 Commercial NPUs and Vendor Accelerators

Beyond MCU-only deployments, commercial embedded platforms increasingly
integrate dedicated neural accelerators (NPUs) to improve throughput and energy
efficiency for low-precision inference. A representative example is the ST Neural-
ART Accelerator, integrated in the STM32N6 family as an on-chip NPU targeted at
power-efficient edge AI workloads (STMicroelectronics, 2024b; STMicroelectronics,
2024a). According to ST documentation, Neural-ART is a dataflow-oriented engine
supporting 8–16 bit arithmetic, configurable compute resources, and is marketed to
deliver up to ∼600 GOPS within the STM32N6 device class (STMicroelectronics,
2024b; STMicroelectronics, 2024a). This type of solution exemplifies a broader trend
also seen in microNPUs coupled to Cortex-M class processors (e.g., Arm Ethos-U
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family) (Arm, 2021).
While such accelerators are often highly effective for near-sensor or edge deploy-

ment, their suitability for true in-sensor computing (ISC) must be critically assessed.
ISC targets impose significantly tighter constraints than typical MCU/SoC scenarios,
because the compute must fit within (or be tightly co-packaged with) the sensing el-
ement and operate under stringent always-on power envelopes. In particular, four
aspects are decisive:

• Integration footprint and memory hierarchy: commercial NPUs are typi-
cally embedded in systems that assume a relatively rich on-chip SRAM and
SoC interconnect. This favors near-sensor processing, whereas ISC often de-
mands sub-mm2 logic footprints and extremely limited on-sensor memory.

• Data movement vs. compute energy: even when the NPU offers a favorable
TOPS/W figure, the system-level energy can be dominated by moving sensor
data into buffers and shuttling activations/weights through SRAM and buses.
ISC instead aims to minimize conversions, buffering, and transfers by exploiting
early feature extraction and streaming datapaths.

• Always-on operation and energy proportionality: in many ISC applications
the workload is continuous or event-driven with strict duty-cycling require-
ments. General-purpose NPUs may achieve high peak efficiency, yet they are
not necessarily optimized for ultra-low average power under sparse activation
patterns and aggressive clock/power gating.

• Operator/model constraints vs. specialization: vendor NPUs and their toolchains
typically support a subset of operators and quantization schemes optimized for
portability. Conversely, ISC architectures can exploit application-specific fixed
models, tensor shapes, and ultra-low-bit quantization to reduce memory and
control overhead beyond the constraints of general-purpose deployment flows.

Overall, commercial NPUs provide an essential baseline for practical edge intel-
ligence and can be excellent candidates for near-sensor smart systems (e.g., sensors
coupled to a local MCU/SoC). However, when the target is sensor-integrated infer-
ence under extreme area and always-on power budgets, a constraints-first co-design
approach and custom architectures become necessary. This motivates the ASIC-oriented
methodology adopted in this thesis, where model design (quantization, topology, buffer-
ing) and hardware architecture (datapaths, memory organization, control) are co-optimized
to satisfy ISC-grade constraints.

I.2.3 TinyML Development Flow and ASIC-Oriented Extensions

Bringing all the aforementioned techniques together, practitioners have converged
on a standard TinyML development workflow that starts from a high-level model de-
sign and ends with deployment on an embedded target. At a high level, the process
involves:

• training or selecting a compact, efficient model architecture with the task’s re-
quirements in mind,
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Figure I.5: Workflow of TensorFlow Lite for TinyML applications, illustrating the steps of
training, converting, optimizing, deploying, and running a model across platforms such as
iOS/Android, embedded Linux, and microcontrollers. Image extracted from (Cavagnis, 2021).

• applying compression and optimization (quantization, pruning, etc.) to the
model,

• validating the model’s performance and resource usage via simulation or on-
device testing,

• deploying the model onto the hardware and iterating as necessary.

Importantly, this flow is usually iterative and hardware-aware from the start. For
example, during training, one might already incorporate quantization awareness (e.g.
using fake-quantization operations in TensorFlow) so that the model will not degrade
significantly after being converted to integer arithmetic (Jacob et al., 2018).

Similarly, architecture decisions are guided by profiling: a developer may estimate
the MAC operations, peak memory footprint, and energy per inference of a candi-
date model early on, using tools or analytical models, and compare these against the
device’s limits.

There are now automated tools to assist in this stage; for instance, Google’s model -
optimizer and frameworks like Edge Impulse can compute the RAM/Flash usage
of a model and even simulate latency on a given MCU. The MLPerf Tiny benchmark
suite has also provided a helpful reference by defining representative TinyML tasks
and metrics (accuracy, latency, energy) for fair evaluation (Reddi et al., 2021). These
metrics serve as design targets during development – for instance, an always-on key-
word spotting model might be designed to run under 20 ms and 1 mJ per inference on
an Arm Cortex-M4.

Once a model is trained and compressed to a suitable form, the next step is de-
ploying and testing it on the actual hardware (or a development board representative
of it). Frameworks like TensorFlow Lite Micro, whose workflow is illustrated in Fig.
I.5, greatly simplify this step by handling the low-level details of inference on mi-
crocontrollers (David et al., 2021). The developer converts the model (often a Ten-
sorFlow or ONNX model) into a quantized FlatBuffer format that TFLite Micro can
load. The framework then uses a kernel library (such as CMSIS-NN or its own op-
timized kernels) to execute the model. At compile time, memory planners in TFLite
Micro determine a static memory allocation for all intermediate tensors to ensure the
model fits in the available SRAM. Alternatively, vendor-provided tools like STMicro’s
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STM32Cube.AI can take a trained model and generate C code (or even assembly) that
implements the neural network, along with an API to run inferences on that model.
These tools often provide reports on memory usage and runtime cycles. By flashing
the model onto a device and running inferences (either on real data or synthetic tests),
one can measure actual latency (with timers) and energy (with power monitors or esti-
mations) to verify that the deployment meets requirements. If any metrics are off – for
example, if the model uses too much RAM or runs too slowly – the developer must
return to the design stage and apply further optimizations: this could mean pruning
additional neurons, reducing model dimensionality, or even collecting more data to
allow a smaller model to achieve the required accuracy. In practice, multiple itera-
tions are common before an optimal balance is found. Each iteration might involve
adjusting the neural network (architecture or training hyperparameters) and/or mak-
ing better use of hardware capabilities (such as choosing a faster numeric format or
leveraging a different library).

This standard TinyML workflow has proven effective for deployment on off-the-
shelf microcontrollers and SoC accelerators, and it also lays the groundwork for cus-
tom hardware development. In fact, the methodology proposed in this thesis is directly
inspired by the TinyML model-deployment co-design loop.

We extend the flow one step further: rather than stopping at running the model on
existing hardware platform, we translate the optimized model into a custom applica-
tion - specific integrated circuit (ASIC) implementation. The process begins in the
same fashion – with data preparation and model design, including quantization and
compression to fit a micro-scale power and area budget. We verify the network on
a microcontroller or simulator to ensure its feasibility. Then, in a new stage unique
to ASIC development, we co-design a specialized hardware architecture around this
model, leveraging the fixed nature of the neural network to customize memory struc-
tures, datapaths, and control for maximal efficiency. The final steps involve hardware
description (RTL design), verification against the quantized model, and physical im-
plementation (synthesis, place-and-route) as will be detailed in Chapter 2.

Crucially, throughout this process we maintain the iterative spirit of the TinyML
flow: if the post-layout hardware analysis indicates that power or area targets are not
met, we loop back to adjust the model (or the hardware parameters) and try again. This
co-design approach ensures that both the neural network and the silicon meet in the
middle to satisfy the extreme constraints of edge AI. Thus, the state-of-the-art tech-
niques reviewed in this section – from MobileNet-style architectures and quantization
to CMSIS-NN and accelerator design principles – collectively inform the custom low-
power neural network accelerator presented later in this thesis.

In summary, deploying neural networks at the edge is a multidisciplinary endeavor,
and the best results come from simultaneously tailoring the algorithm and the hard-
ware. The following chapters will build upon this foundation to develop an ultra-low-
power neural network processing unit, demonstrating how far TinyML can be pushed.
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Chapter 2
Methodology

Designing neural network accelerators for ISC closely aligns with core principles
of TinyML, which targets ML deployment on resource-constrained embedded plat-
forms. TinyML’s success hinges on an integrated hardware–software co-design pro-
cess, due to the stringent energy, memory, computation, and latency requirements of
embedded devices (Lin et al., 2023).

Our methodology extends these principles to the even more demanding domain of
ISC, where computation must occur within the sensor itself rather than in an external
microcontroller.

This chapter presents the adopted methodology, adapted from the TinyML design
philosophy, with a focus on software–hardware co-design to meet the extreme require-
ments of in-sensor environments.

II.1 Overview of the Co-Design Flow

As illustrated in Fig. II.1, the proposed methodology follows a constraints-first
software–hardware co-design approach tailored to ISC. Before entering the iterative
design loop, the flow starts with a Requirements and Specifications Definition stage,
which is essential to propagate application- and sensor-level constraints across all sub-
sequent phases.

The complete methodology is therefore structured into the following stages:

1. Requirements and Specifications Definition

2. Data Preparation

3. Neural Network Modeling

4. Hardware Design

5. Hardware Implementation

The initial requirements-definition stage establishes the quantitative and qualita-
tive constraints that drive the entire design process. These include target minimum
accuracy or residual error, maximum allowable latency, average and peak power bud-
gets compatible with the target operation, the silicon area and memory limits imposed
by sensor integration, and assumptions on sensing modality, data rate, and interfaces.
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Figure II.1: Software–Hardware co-design methodology for in-sensor neural network
accelerators. The flow starts with a requirements and specifications definition stage, followed
by Data Preparation, Neural Network Modeling, Hardware Design, and Hardware
Implementation. An iterative feedback loop is included: if hardware constraints are not
satisfied, the flow returns upstream to refine the neural model or, when necessary, the initial
specifications.

By explicitly defining these requirements upfront, infeasible design paths can be dis-
carded early, and late-stage redesign iterations can be significantly reduced.

The remaining stages are interconnected through an iterative software–hardware
co-design loop. Constraints emerging from hardware design or implementation (e.g.,
area overruns, excessive power consumption, or timing violations) are fed back up-
stream, potentially triggering revisions in the neural network architecture or, if neces-
sary, a refinement of the initial specifications. This iterative feedback mechanism is
essential for balancing accuracy, resource usage, and deployability within the severe
constraints of ISC environments.

For clarity in interpreting Fig. II.1, the dotted-border blocks associated with each
stage represent non-exhaustive checklists of typical tasks that can be performed within
that stage. They are not intended to encode task priorities; instead, the relative impor-
tance and priority of activities is dictated by the application requirements and by the
iterative feedback arising during the co-design process.
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II.2 Requirements and Specifications Definition

The first stage of the proposed methodology formalizes the requirements and spec-
ifications that must be satisfied by the overall ISC system. This step is particularly
critical in in-sensor computing, where the design space is strongly bounded by sensor-
integration constraints (silicon footprint, limited on-chip memory, and tight power
envelopes), and where late-stage changes can be costly due to the strong coupling
between algorithmic choices and hardware implementation.

In this thesis, requirements are defined at two complementary levels:

• application-level requirements, which describe the expected functional perfor-
mance and real-time behavior,

• implementation-level constraints, which describe the physical feasibility of in-
tegration within (or next to) the sensing element.

The outcome of this stage is a compact set of quantitative targets and design as-
sumptions used as inputs to the subsequent phases of Fig. II.1.

The following requirements are considered as the minimal set driving the co-
design process:

• Functional performance targets: required accuracy (classification/regression),
maximum tolerable residual error, and robustness metrics (e.g., false-alarm/false-
negative rate when applicable), together with a clear validation protocol.

• Real-time constraints: maximum allowable end-to-end latency and/or mini-
mum throughput. Depending on the sensing modality, this can be expressed as
a maximum inference time per window/frame or as a maximum update period.

• Power envelope and operating mode: average and peak power budgets com-
patible with the target operation. This includes the intended duty-cycling strat-
egy (always-on vs. event-driven operation), which is often a first-order require-
ment in ISC.

• Area and memory budgets for sensor integration: maximum silicon foot-
print and maximum on-chip memory (for weights and intermediate activations),
consistent with sensor packaging and integration constraints.

• Sensing and I/O constraints: signal modality, sampling rate / output data rate
(ODR), resolution/dynamic range, and available interfaces (e.g., SPI/I2C/PDM),
which bound input bandwidth, buffering, and data representation.

The requirements above are not independent: they jointly define a feasible re-
gion in the design space and shape decisions throughout the flow. In particular, func-
tional targets (accuracy, residual error, robustness) directly affect Data Preparation,
since they determine dataset coverage, labeling policies, and the evaluation proto-
col used to validate the solution; they also constrain Neural Network Modeling, by
bounding the admissible model families, training regimes, and the extent of quan-
tization/compression that can be tolerated without violating performance objectives.
These targets further propagate to Hardware Design, because operator support and
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numerical formats must ultimately preserve the required accuracy under the selected
precision.

Similarly, real-time constraints (latency and/or throughput) influence early choices
on framing and buffering during Data Preparation (e.g., window length, overlap, and
update rate), and they limit the complexity of the candidate neural architectures during
Neural Network Modeling (depth/width, activation footprint, and scheduling assump-
tions). At the hardware level, the same constraints drive architectural decisions in
Hardware Design and Hardware Implementation, such as the degree of parallelism,
the execution schedule, and the target clocking strategy required to meet deadlines.

The power envelope and operating mode (always-on vs. event-driven) is a first-
order driver in ISC. It encourages early feature representations and preprocessing
choices that reduce data movement and redundant computations in Data Preparation.
It also motivates resource-aware modeling decisions (e.g., low-bit quantization, com-
pression, and architectures with limited intermediate activations) in Neural Network
Modeling. Finally, it strongly impacts Hardware Design and Hardware Implemen-
tation, where clock/power gating, resource reuse, and leakage-aware implementation
strategies become essential to achieve ultra-low average power.

In parallel, area and on-chip memory budgets impose hard bounds on the feasi-
bility of sensor integration. They constrain the maximum parameter count and, criti-
cally, the intermediate activation sizes during Neural Network Modeling, often forcing
compact topologies and aggressive precision reduction. They also dominate Hardware
Design by limiting the number of processing elements, local buffers, and the complex-
ity of the control logic; ultimately, they influence Hardware Implementation through
technology/library choices and physical closure.

Finally, sensing and I/O constraints (signal modality, ODR, resolution, and inter-
face bandwidth) shape the input representation and preprocessing complexity in Data
Preparation, and they influence the input dimensionality and data layout assumptions
adopted during Neural Network Modeling. At the architectural level, these constraints
bound streaming datapaths and buffering requirements in Hardware Design, since the
accelerator must sustain the sensor data rate while respecting tight local-memory lim-
its.

II.3 Data Preparation

As in most machine learning pipelines—including those in TinyML—the first
phase involves careful preparation of data (Mohammed et al., 2025; Whang et al.,
2023). For ISC, however, the sensor type and signal characteristics strongly influ-
ence the adopted strategy, since the raw signals are acquired under strict constraints
of memory, energy, and bandwidth. Data preparation is therefore not only a prereq-
uisite for model training, but also a fundamental step to guarantee deployability in
ultra-constrained environments (Samanta et al., 2024; Lin et al., 2023).

• Data Collection: Define the task and success metrics, then acquire data from
trustworthy sources (sensors, logs, public datasets, APIs) with proper consent/licensing.
Record rich metadata (timestamps, device/user/context) to support later filtering
and audits.

• Data Cleaning: Enforce a schema; remove duplicates, fix corrupt records, re-
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solve inconsistent units/encodings, and handle missing values (impute or drop).
Identify and cap/outlier values; normalize formats (e.g., UTF-8, UTC).

• Data Annotation: Create clear labeling guidelines and train annotators; capture
labels, confidence, and rationales.

• Data Transformation: Convert raw inputs into model-ready representations
(scaling/standardization, tokenization, one-hot/ordinal encoding, feature engi-
neering). Apply domain-appropriate augmentation while preventing target leak-
age.

• Data Splitting: Partition into train/validation/test. Consider cross-validation or
time-based splits for robust estimation.

• Data Balancing: Address class imbalance with class weights, under/oversampling,
or carefully designed augmentation without duplicating test data.

• Feature Extraction and Validation: Extract and select task-appropriate rep-
resentations—aim to reduce dimensionality and improve generalization while
preserving informative variance (e.g. with filtering, correlation, mutual infor-
mation, Principal Component Analysis (PCA) , Independent Component Analy-
sis (ICA), Nonnegative Matrix Factorization (NMF), autoencoders (AEs)). Val-
idate choices with ablations and cross-validation, and freeze the final feature
spec before testing.

• Data Storage: Store datasets in versioned, immutable formats (e.g., Parquet/HDF5).
Include metadata (schema, units, licenses), documentation, and enforce gover-
nance: access control, PII handling, retention, and reproducibility.

These processes were carried out using MATLAB and Python (NumPy, Pandas,
SciPy), with STM32CubeIDE employed for preliminary sensor interfacing. Particular
attention was paid to ensuring that preprocessing steps remained compatible with the
target hardware, avoiding complex transformations that would exceed the available
energy or memory budgets.

II.4 Neural Network Modeling

Once the data have been properly prepared, the next stage focuses on designing
neural network models that can operate within the extreme constraints of in-sensor
environments. Rather than pursuing maximum accuracy in isolation, the modeling
process is hardware-aware from the outset, with a multi-objective target that balances
predictive performance, memory footprint, latency, and energy. In practice, early pro-
filing and device-specific constraints (e.g., on-chip SRAM and allowable activation
sizes) guide architectural choices and prevent designs that would later prove infeasi-
ble during implementation (Lin et al., 2020b; Banbury et al., 2021).

• Model Selection: We favour compact families (e.g., shallow CNNs, depthwise-
separable CNNs, lightweight autoencoders) and, for extreme budgets, binary/ternary
networks. The choice is tied to the signal modality and the feature repre-
sentation produced in the previous stage (e.g., 2D time–frequency maps vs.
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raw sequences). Hardware-aware search methods (e.g., TinyNAS) and curated
TinyML spaces (e.g., MicroNets) help identify architectures that respect mem-
ory/latency constraints on microcontrollers, where operation count correlates
strongly with measured latency (Lin et al., 2020b; Banbury et al., 2021).

• Architecture Design: Depth, width, kernel sizes/strides, and activation func-
tions are tailored to minimize intermediate activation footprints and off-chip
transfers. Structural patterns such as inverted residual blocks and depthwise
separable convolutions reduce MACs substantially while preserving accuracy in
embedded regimes. For ultra-constrained targets, binarized and ternary weights
can slash model size and replace multiply-accumulate with bit-wise operations
(Yizhi Wang et al., 2018; J. Woo et al., 2024).

• Training and Evaluation: Training is performed offline with standard optimiz-
ers and data augmentation; validation uses representative distributions compat-
ible with deployment. Quantization-friendly training (e.g., fake-quant nodes,
per-channel scales) is adopted early to reduce post-training surprises. When
available, hardware-in-the-loop or cycle-accurate simulators provide early tim-
ing checks (Jacob et al., 2018).

• Model Optimization: We apply a toolkit of techniques—post-training quanti-
zation (PTQ), quantization-aware training (QAT), pruning, and knowledge dis-
tillation—to meet tight memory/energy budgets with limited accuracy loss (Zi-
han Wang et al., 2022; Han et al., 2015a; Jacob et al., 2018). In addition,
hardware-friendly implementations of critical operators are evaluated early, in-
cluding polynomial or piecewise approximations for activation functions, sat-
uration/rounding policies, and fixed-point scaling strategies. Such approxima-
tions are particularly relevant for non-linear operators (e.g., tanh(·)) and are re-
tained only if their induced numerical error is bounded below the chosen quan-
tization step (i.e., it does not affect the effective output resolution); the selected
implementation is then carried forward consistently into the RTL design.

• MCU Model Profiling and Deployment Estimation: Before translating the
model to custom hardware, we perform an early feasibility assessment on a
representative MCU-class target. This step combines analytical and toolchain-
based estimates to characterize computational load (MACs/ops), parameter and
activation footprints, and peak SRAM usage, together with early latency and
energy proxies.

As in the rest of the methodology, this stage is inherently iterative: when the
toolchain feedback reveals violations (e.g., SRAM overflow, timing margins, or en-
ergy per inference), the model is revised and retrained until the design satisfies both
algorithmic and hardware constraints.

All modeling experiments were carried out using Python-based frameworks, pri-
marily TensorFlow, Keras, and QKeras for training, validation, and testing. MCU pro-
filing and deployment checks relied on TensorFlow Lite Micro and STM32Cube.AI,
providing a direct link between algorithmic choices and hardware feasibility (Martı́n
Abadi et al., 2015; Coelho et al., 2021).
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II.5 Hardware Design

Once the neural network has been selected, optimised with hardware awareness,
and profiled on a microcontroller, the next step is to map it onto a custom accelerator
that can satisfy the stringent constraints of in-sensor environments. Unlike general-
purpose TinyML toolchains targeting microcontrollers, here the design is tailored to
custom ASICs or FPGAs to maximise performance and energy efficiency within the
extreme constraints of in-sensor environments. The design process prioritises data
reuse, controlled memory traffic, and predictable latency under small memory and
power budgets, while keeping the micro-architecture simple enough for robust verifi-
cation and physical implementation.

Key steps include:

• Memory Analysis: Early estimation of buffer sizes, weight storage, and band-
width requirements, together with selection of numerical formats. Fixed-point
quantisation (typically 8-bit or lower) is adopted to reduce both memory and
MAC cost, while accumulation widths are carefully dimensioned to avoid over-
flow.

• Hardware Architecture Definition: Definition of the compute core, typically
an array of lightweight PEs with local buffers and MAC units, along with hard-
ware blocks for activation functions and pooling. The goal is to maximise data
reuse (weights, inputs, and partial sums) and minimise off-chip memory trans-
fers, since data movement dominates energy. A lightweight controller coordi-
nates layer execution and data flow. Techniques such as clock gating and sepa-
rate clock domains are adopted to minimise dynamic power and ensure reliable
always-on operation. Metrics are expressed not only in area and frequency, but
also in energy per inference (nJ/inf), which is the most relevant KPI in ISC
scenarios.

• Hardware Description: RTL design using VHDL/Verilog hardware descrip-
tion language.

• Behavioral Verification: Functional correctness is validated against the quan-
tised reference model simulating the RTL design using directed and constrained-
random testbenches.

II.6 Hardware Implementation

The final phase validates the co-designed model via prototyping and physical im-
plementation. This step is structured in following phases:

• FPGA Prototyping: The RTL is mapped to Xilinx FPGAs using Vivado De-
sign suite to test timing, latency, throughput, and functionality under realistic
streaming I/O conditions. This step provides early feedback on performance
and buffering before committing to an ASIC flow.

• ASIC Implementation: The validated RTL is mapped to a standard-cell CMOS
process (e.g., 130 nm/65 nm). This phase includes:
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– Logic synthesis (Synopsys Design Compiler) with MCMM constraints to
ensure timing and area feasibility.

– Place-and-Route (Cadence Innovus) with congestion/timing closure and
clock/power domain management.

– Power and Timing Analysis (PrimeTime, Voltus) with vector-based esti-
mation of dynamic and leakage power, expressed as energy per inference.

– Post-layout Simulations (gate-level with SDF back-annotation) and equiv-
alence checking against the quantised software model.

– Physical Testing when fabrication is available.

These steps allow accurate estimation of area, maximum frequency, and energy
per inference. Unlike general-purpose TinyML targets, ASIC synthesis enables direct
integration within sensor packages while optimising for always-on operation under
strict power budgets.

If hardware synthesis reports violations—such as excessive power, area, or tim-
ing—the flow returns to the hardware design stage. In this case, the architecture is
revisited: for instance, by increasing the reuse of a single processing module (thus
reducing the number of instantiated modules and saving area at the cost of latency),
or conversely by instantiating additional modules to accelerate computation at the ex-
pense of area.

If these architectural refinements are still insufficient to meet constraints, the pro-
cess falls back to the neural network modeling phase, where the model is simplified
or further optimised.

The flow then restarts iteratively until both functional and physical goals are achieved.
The defining feature of this methodology is precisely this continuous integration

between algorithmic design and hardware feedback. The co-design loop ensures that
models are optimised not only for accuracy, but also for real-world deployability under
the stringent requirements of in-sensor computing.

This approach, while inspired by TinyML practices, is adapted to the even more
constrained ISC landscape, enabling the creation of neural accelerators that are simul-
taneously efficient, physically realisable, and suitable for integration directly within
sensor packages—unlocking a new generation of smarter and more autonomous sen-
sor systems.
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Chapter 3
Case 1: Neural Network-Based

In-Sensor PDM-to-PCM
Conversion for Ultra Low-Power

TinyML Keyword Spotting

III.1 Publications and Awards Associated with This Chapter

The case study presented in this chapter builds upon peer–reviewed publications
produced during the PhD’s broader research on KWS systems, conducted in collabo-
ration with STMicroelectronics.

This research resulted in two Q1-journal papers, three conference proceedings and
one best presented paper award. Readers may refer to the following for further details.

III.1.1 Journal Articles

• Paola Vitolo et al. (2023c). “A New NN-Based Approach to In-Sensor PDM-to-
PCM Conversion for Ultra TinyML KWS”. in: IEEE Transactions on Circuits
and Systems II: Express Briefs 70.4, pp. 1595–1599. DOI: 10.1109/TCSII.
2022.3224022

• Paola Vitolo et al. (2024c). “Automatic Audio Feature Extraction for Keyword
Spotting”. In: IEEE Signal Processing Letters 31, pp. 161–165. DOI: 10.
1109/LSP.2023.3346280

III.1.2 Conference Proceedings

• Paola Vitolo et al. (2022b). “Quantized ID-CNN for a Low-power PDM-to-
PCM Conversion in TinyML KWS Applications”. In: 2022 IEEE 4th Inter-
national Conference on Artificial Intelligence Circuits and Systems (AICAS),
pp. 154–157. DOI: 10.1109/AICAS54282.2022.9869909

• Paola Vitolo et al. (2023b). “A 0.8 mW TinyML-Based PDM-to-PCM Conver-
sion for In-Sensor KWS Applications”. In: Proceedings of SIE 2022. Ed. by
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Giuseppe Cocorullo et al. Cham: Springer Nature Switzerland, pp. 146–151.
ISBN: 978-3-031-26066-7. DOI: 10.1007/978-3-031-26066-7_23

• Paola Vitolo et al. (2023a). “In-sensor neural network for real-time KWS by
image processing”. In: Real-time Processing of Image, Depth and Video Infor-
mation 2023. Vol. 12571. International Society for Optics and Photonics. SPIE.
DOI: 10.1117/12.2665545

III.1.3 Awards

• AICAS 2022 LG Electronics Award for the paper “Quantized 1D–CNN for a
Low–power PDM-to-PCM Conversion in TinyML KWS Applications,” pre-
sented at the 2022 IEEE 4th International Conference on Artificial Intelligence
Circuits and Systems (Vitolo et al., 2022b).

III.2 Introduction

Over the past decade, voice interaction has become an increasingly widespread
modality for human–machine communication. Once limited to niche applications,
voice user interfaces are now commonly embedded in smart speakers, mobile phones,
domestic appliances, vehicles, industrial settings and even healthcare and assistive de-
vices (Deshmukh and Chalmeta, 2024; Papavasileiou et al., 2024; Bramanti et al.,
2025; Hamidi et al., 2020). Voice assistants enable hands-free control, accessibility,
and safer human–machine interaction, for example, helping drivers keep their eyes
on the road, allowing elderly users to operate home devices, and enabling contact-
less/sterile interaction in clinical contexts (Vincze et al., 2025; Ambewadikar and Ba-
heti, 2020; Sindhu and Sainin, 2024).

For edge voice assistants, neither a purely on-device nor a purely cloud-based Au-
tomatic Speech Recognition (ASR) architecture is satisfactory. On microcontroller-
class hardware, running large-vocabulary ASR continuously is out of reach: TinyML
deployments operate under tight memory (often < 1MB flash), compute, and energy
budgets, so full ASR would violate latency and power envelopes (Heydari and Mah-
moud, 2025; Alajlan and Ibrahim, 2022).

Conversely, cloud-only ASR introduces network-dependent delay and jitter, in-
creases energy due to continuous radio transmission, and raises bandwidth and pri-
vacy concerns when streaming raw audio off the device (Bolton et al., 2021; Heydari
and Mahmoud, 2025; Solera-Cotanilla et al., 2022). In practice, an always-on, small-
footprint KWS block acts as a power- and compute-gating stage: it continuously lis-
tens for a short wake word and activates the heavier ASR only on demand—the refer-
ence design adopted in voice assistants (G. Chen et al., 2014; Heydari and Mahmoud,
2025).

Therefore, as illustrated in Fig. III.1, a typical edge voice-assistant pipeline com-
prises a sensing element (microphone), a front-end for signal conversion and prepro-
cessing, an always-on KWS module that detects a wake word, and—upon detection—
a larger ASR stage executed on a more capable processor in the cloud (G. Chen et al.,
2014; Cámbara et al., 2022).

In this context, digital MEMS microphones play a central role as front-end audio
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Figure III.1: Typical edge voice-assistant pipeline. A digital microphone captures audio and
feeds a front-end for conversion and preprocessing; an always-on keyword-spotting (KWS)
module listens for the wake word and, upon detection, activates the more compute-intensive
automatic speech recognition (ASR) in the cloud.

sensors. Figure III.2 shows the inside of a typical digital package, where the MEMS
transducer is co-packaged with a readout ASIC; this monolithic integration reduces
analog routing, improves robustness, and eases board-level integration. At the same
time, thanks to small form factor and manufacturing scalability, MEMS microphones
deliver low cost and straightforward embedding in edge devices (STMicroelectronics,
2017; Zheng et al., 2024).

Compared with analog alternatives, the digital output is less susceptible to RF/EMI
picked up along PCB traces—an advantage in electrically noisy edge platforms—and
recent designs demonstrate low-power, compact readouts suitable for battery-operated
devices (F. Li et al., 2023; T. Wang et al., 2025).

As summarized in the block diagram of Fig. III.3, the MEMS transducer feeds
a low-noise amplifier and an ADC; a Σ∆ PDM modulator then generates an over-
sampled 1-bit data stream, while on-chip power management and a channel-select pin
provide biasing and L/R selection. The standard digital interface exposes CLK and

Figure III.2: Inside a digital MEMS microphone package: the MEMS transducer (left) and
the signal-conditioning/readout ASIC (right). Image extracted from STMicroelectronics,
Tutorial for MEMS Microphones, Application Note AN4426 (DocID025704
Rev. 2) (STMicroelectronics, 2017).
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Figure III.3: Block diagram of a digital MEMS microphone. The MEMS transducer feeds a
low-noise amplifier and an ADC; a Σ∆ PDM modulator generates the 1-bit data stream,
while power-management and channel-select circuitry provide biasing and L/R selection.
Outputs are CLK and DATA. Extracted from Analog Devices, Analog and Digital MEMS
Microphone Design Considerations, Technical Article MS-2472 (Lewis, 2013).

DATA lines (Lewis, 2013). Because downstream audio processing and classification
typically operate on multi-bit PCM at kHz rates, the microphone’s PDM output must
first be converted to PCM—making the PDM→PCM interface a mandatory stage in
any edge voice-assistant pipeline.

However, traditional PDM-to-PCM conversion relies on multi-stage filtering and
decimation pipelines—such as Cascaded Integrator-Comb (CIC) filters—which often
dominate the power and area budget.

This chapter presents a novel approach to PDM-to-PCM conversion based on a
tiny, quantized 1D Convolutional Neural Network (1D-CNN), specifically designed
for in-sensor integration. The proposed method unifies filtering and decimation into
a single learnable block, overcoming the limitations of conventional solutions and
enabling tight coupling with downstream neural KWS classifiers. The system is
fully described in hardware, prototyped on FPGA, and synthesized in 130 nm CMOS
standard-cell technology.

The proposed converter achieves a signal-to-noise ratio (SNR) of 48 dB and sup-
ports 8-bit PCM outputs at 16 kHz, compatible with existing tinyML audio classifiers.
Despite its neural nature, the design fits within an area of 0.086 mm2 and consumes
only 128.7 µW/MHz, making it suitable for integration within MEMS microphone
packages. Additionally, it enables a complete end-to-end KWS pipeline with 89%
classification accuracy over 12 audio classes.

The remainder of this chapter is organized as follows: Section III.3 reviews the
state of the art in PDM-to-PCM conversion and related neural filtering techniques.
Section III.4 introduces the proposed 1D-CNN-based method, including its architec-
ture, dataset generation, and training setup. Section III.5 details the hardware imple-
mentation and synthesis results, discussing the broader implications and potential for
in-sensor integration.
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III.3 State of the Art

III.3.1 Traditional PDM-to-PCM Conversion Approaches

In edge audio systems based on digital MEMS microphones, raw acoustic sig-
nals are encoded as oversampled 1-bit PDM bitstreams. Before feature extraction or
classification, this stream must be converted to multi-bit PCM at kHz rates.

Conventional PDM-to-PCM conversion pipelines employ complex multi-stage high-
order filtering and high-value-factor decimation, which hardly fit resource constraints
for in-sensor computing (F. Zhou and Chai, 2020; R. Wan et al., 2022).

CIC filters are the widely diffused solution that circumvents the problem by avoid-
ing multipliers and memory for filter coefficients, resulting in a HW efficient imple-
mentation (Stošić, 2021; Hogenauer, 1981). However, CIC advantages are partially
nullified by the additional filtering operations required to compensate for the poor
cut-off and to remove the aliasing. Indeed, despite their hardware efficiency, CIC-
based pipelines suffer from several drawbacks that limit their applicability in ultra-
constrained environments such as in-sensor computing.

First, the sharp roll-off of the CIC filter response leads to significant in-band atten-
uation and distortion, especially when the filter length is minimized to save area. This
degrades the quality of the recovered audio and ultimately reduces the performance of
downstream classifiers.

Second, CIC filters and their compensation stages require large internal word
widths to avoid overflow, especially in high-decimation configurations. This increases
memory usage and routing complexity in digital hardware, which is undesirable near
the sensor.

Moreover, fixed filtering kernels are unable to adapt to different audio environ-
ments or compensate for variations in sensor characteristics.

III.3.2 NN-Based Solutions in the Literature

Recent research efforts have explored the application of data-driven models, such
as NNs. In particular, they have been applied to denoising, audio super-resolution,
and end-to-end audio classification, often achieving superior performance compared
to handcrafted solutions (Zaman et al., 2023).

However, the use of neural networks for PDM-to-PCM conversion remains largely
unexplored. A few recent works have proposed leveraging the learning capability of
neural networks to approximate the desired frequency response and remove quantiza-
tion noise, offering the potential for more compact and adaptable designs.

(Alwahab et al., 2018) uses a neural network to initialize and refine FIR coeffi-
cients with a custom frequency-domain loss, improving passband flatness, transition
steepness, or stopband attenuation. Likewise, (Koh, 2021) proposes a generative-
adversarial approach that learns families of FIR filters at arbitrary cut-off frequencies
from ideal time-domain templates.

However, existing NN-based approaches do not investigate the design of decima-
tion filters, which is essential in PDM-to-PCM conversion as they determine the qual-
ity of the signals passed from digital MEMS microphones to audio processing sys-
tems. Nonetheless, most of these studies target relatively large models unsuitable for
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Figure III.4: Proposed neural PDM→PCM interface. A 1-bit PDM stream at 2.048 MHz is
processed by a tiny 1D-CNN that fuses filtering and decimation: CONV1 (kernel=64,
stride=64) reduces the rate to 32 kHz; CONV2 (kernel=23, stride=2, tanh) further decimates
to 16 kHz, yielding 8-bit PCM. Overall decimation R = 128, replacing the conventional
CIC+FIR chain.

in-sensor deployment or rely on post-processing stages executed on general-purpose
processors. To the best of our knowledge, there are no prior demonstrations of a fully
hardware-synthesizable, ultra-low-power neural PDM-to-PCM converter suitable for
direct integration within MEMS microphone packages.

III.4 The Proposed Method for the PDM-to-PCM Converter

III.4.1 1D-CNN Architecture for PDM-to-PCM

The proposed PDM→PCM conversion block diagram is depicted in Fig. III.4. It
is based on a tiny one-dimensional convolutional neural network (1D-CNN) explicitly
optimized for in-sensor hardware deployment. A convolutional front-end is preferred
over fully connected (FC) layers because (i) local receptive fields and weight sharing
drastically reduce the number of parameters and multiply–accumulate (MAC) oper-
ations compared to dense connections, (ii) strided convolutions perform rate-change
natively, enabling decimation without separate blocks, and (iii) the spatial/temporal
stationarity of audio signals is well captured by convolution while preserving small
memory footprints—properties that have long motivated CNNs in resource-limited
acoustic modeling (Lecun et al., 1998; Alzubaidi et al., 2021; Z. Li et al., 2022).

The network processes a high-rate (2.048 MHz), single-bit PDM input and emits
8-bit PCM samples at 16 kHz, directly suitable for downstream feature extraction and
KWS classification. In line with the Google Speech Commands (GSC) setup, the
useful audio bandwidth is limited to 0–8 kHz; typical digital MEMS microphones
operate at MHz-rate PDM outputs, hence the need for large decimation to audio-rate
PCM (Warden, 2018; STMicroelectronics, 2021).

The input to the model is a 1-second PDM window of W1=2,048,000 samples
(2.048 MHz). The network has two convolutional layers with one channel and same
padding:
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• CONV1: kernel size 64, stride 64; its output is W2=2,048,000/64=32,000
values, quantized to 8 bits.

• CONV2: kernel size 23, stride 2, activation tanh(·); its output is W3=32,000/2=16,000
values, also quantized to 8 bits.

The overall decimation is therefore R = 64×2 = 128, mapping the 2.048 MHz, 1-bit
PDM stream to a 16 kHz, 8-bit PCM waveform. The hyperbolic tangent is defined as

tanh(x) =
ex − e−x

ex + e−x
. (III.1)

For system-level evaluation and to verify deployability within an end-to-end KWS
pipeline, the 8-bit PCM produced by the converter is fed to a compact, 8-bit quan-
tized KWS model operating on GSC-style features, representative of tinyML clas-
sifiers used on microcontroller-class devices (MLCommons, 2021). It is an already
trained TFLite model, which accepts 10×49 8-bit mel-frequency cepstrum as input
and is capable of 92% accuracy over the 12 classes, trained with the Google Speech
Commands Dataset (GSCD), which is a public dataset that has become the de facto
open benchmark for KWS development and evaluation (Warden, 2018).

III.4.2 Hardware-aware activation approximation.

Since the second convolutional layer employs a tanh(·) non-linearity, its imple-
mentation was considered during the early, hardware-aware modeling stage (as part
of the co-design flow described in Chapter II). In particular, to avoid LUT-based im-
plementations and preserve a compact datapath, we evaluated a low-order polynomial
approximation of tanh(·) through fixed-point, operator-level simulations. The ap-
proximation was retained only after verifying that, over the intended operating range,
the induced numerical error remains bounded below the 8-bit quantization step (ap-
proximately 2−7), i.e., it does not affect the effective output resolution at the layer
boundary. The selected approximation is then carried forward consistently into the
RTL implementation, as detailed in Sec. III.5 (Eq. (III.5)).

III.4.3 Data Preparation for the Proposed PDM-to-PCM Converter
Model

Training the 1D-CNN for PDM-to-PCM conversion requires a dataset composed
of aligned PDM and PCM signal pairs, where the PDM signal serves as the input and
the corresponding PCM waveform acts as the target. Since no public dataset provides
raw PDM signals paired with clean PCM references, a custom dataset was generated
using a simulation-based approach.

As it can be seen in Fig. III.5, the PCM audio samples were first extracted from
the GSCD, the open dataset commonly used in keyword spotting (KWS) tasks. The
GSCD contains 105,829 labeled utterances covering 35 words; each file is a mono
16-bit PCM waveform at 16 kHz with duration up to 1 s. For this work we selected
the standard 12-class subset (10 keywords, unknown, and silence). PCM utterances
were amplitude-normalized to (−0.4, 0.4) and zero-padded to 1 s when shorter.
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Figure III.5: Custom PDM/PCM dataset construction. Starting from the Google Speech
Commands Dataset (GSCD) (Warden, 2018), we selected 12 classes (10 keywords + unknown
+ silence) with 100 utterances per class. The original PCM waveforms (16 kHz, 16-bit, mono)
were amplitude-normalized to (−0.4, 0.4) and zero-padded to 1 s when shorter. Using
MATLAB’s Delta–Sigma Toolbox (Schreier, 2020), we generated corresponding 1-bit PDM
bitstreams with a fourth-order Σ∆ modulator and an oversampling ratio of 128 (2.048 MHz).
The resulting balanced dataset comprises 1,200 aligned pairs in both PCM and PDM formats.

To synthesize realistic microphone outputs, each normalized PCM waveform was
passed through a fourth-order Σ∆ modulator using MATLAB’s Delta–Sigma Tool-
box (Schreier, 2020). With an oversampling ratio (OSR) of 128, the resulting PDM
bitstreams are 1-bit at 2.048 MHz, emulating the output format of digital MEMS mi-
crophones. This process yields perfectly aligned PDM/PCM pairs for supervised re-
gression.

We constructed a balanced dataset with 100 utterances per class (1 s each), for
a total of 1,200 recordings available in both PCM and PDM formats. The resulting
dataset was split into 80% training, 10% validation, and 10% test sets, preserving class
balance across partitions.

III.4.4 Quantization and Loss Function Design

To ensure compatibility with ultra-low-power hardware platforms and reduce mem-
ory and computation requirements, the proposed 1D-CNN model is fully quantized.
Both weights and activations are quantized to 8-bit fixed-point representations, en-
abling efficient implementation using integer arithmetic and eliminating the need for
floating-point operations.

Quantization-aware training (QAT) was employed during model development to
mitigate accuracy degradation. This technique simulates quantization effects during
the forward and backward passes of training, allowing the network to adapt its param-
eters to quantized operations.

We introduce the custom Fast-Fourier-Transform Mean Absolute Error (FFT–MAE)
described in Eq. III.2 to approximate as much as possible the magnitude response of
the desired decimation filter. The loss is the average absolute difference between the
magnitude of the FFT of the model outputs yi and the magnitude of the FFT of the
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Figure III.6: Conventional PDM→PCM multistage decimation chain. A 2.048 MHz, 1-bit
PDM stream (from a fourth-order Σ∆ modulator) is first downsampled by 64 using a
5th-order CIC, followed by a moving-average equalizer and a 63rd-order low-pass FIR with
an additional factor-2 decimation, yielding 16 kHz PCM. Magnitude responses of the CIC and
FIR stages are shown. Extracted from (Vitolo et al., 2022b).

corresponding labels ŷi.

LFFT-MAE =
1

n

n∑︂
i=1

⃓⃓ ⃓⃓
FFT {yi}[k]

⃓⃓
−

⃓⃓
FFT {ŷi}[k]

⃓⃓ ⃓⃓
(III.2)

III.4.5 Training and Model Evaluation

The model was trained using the Adam optimizer with an initial learning rate of
10−2 and batch size of 64. The training process was carried out for 150 epochs with
early stopping based on validation loss to prevent overfitting.

The proposed network has been modeled and trained using TF and QKeras frame-
works. The model has been initially described and trained using TF on a GPU-
equipped workstation. Subsequently, the TF model has been 8-bit quantized by using
QKeras and this has been fine-tuned.

To evaluate the quality of the PDM-to-PCM conversion, the following perfor-
mance metrics were computed on the test set:

• Mean Absolute Error (MAE): Measures the average absolute difference be-
tween predicted and ground truth PCM samples.

• FFT-MAE: Measures the average absolute difference between the magnitude of
the FFT of the model outputs and the magnitude of the FFT of the corresponding
labels.

• Signal-to-Noise Ratio (SNR): Indicates the amount of residual noise intro-
duced by the conversion. It is defined as:

SNR = 10 log10

(︃ ∑︁
i y

2
i∑︁

i(yi − ŷi)
2

)︃
Higher SNR values indicate better fidelity.
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Table III.1: Memory for parameters and number of operators per window required by the
proposed system and the CIC-based filter. Extracted from (Vitolo et al., 2023c).

# of ADDs # of MULTs Param. [Bytes]
CIC-based Filter 4,064,000 2,016,000 252
Proposed System 4,544,000 368,000 89

In addition to regression metrics, the effectiveness of the converter was also as-
sessed in the context of a downstream keyword spotting (KWS) task. The converted
PCM outputs were fed into a pre-trained neural KWS classifier operating on 16 kHz
audio. The classification accuracy was used as an application-level measure of signal
usability.

Results showed that FFT-MAE was 0.16 and MAE was 0.005 on the test dataset.
The SNR achieved with a 1 kHz sinusoidal input is 48 dB, which is only 4% lower
than the theoretical maximum SNR with 8-bit quantization. The use of FFT-MAE as
loss function in place of MAE has improved the SNR of 4.3%.

When driven by the 8-bit/16 kHz PCM reconstructed by the proposed PDM-to-
PCM converter, the MLCommons KWS model introduced as reference in Sec. III.4.1
achieves an end-to-end classification accuracy of 89% over the same 12 classes, corre-
sponding to an absolute reduction of approximately 3 percentage points with respect
to the nominal 92% accuracy reported for the reference pipeline. This indicates that
the learned neural conversion largely preserves the discriminative audio information
required for downstream keyword-spotting tasks.

In the context of this case study, this degradation is acceptable and consistent
with the intended objective, namely to demonstrate that a sensor-integrable, ultra-
low-power front-end can deliver a PCM stream compatible with downstream TinyML
KWS inference: although the end-to-end accuracy is reduced by approximately 3 per-
centage points, it enables a highly optimized hardware implementation—in terms
of silicon footprint and power consumption—that meets stringent ISC constraints
(16 kHz, 8-bit PCM), as discussed in the following sections.

For comparison, we implemented in Matlab a conventional multistage decimation
filter to serve as a reference baseline. Following established CIC design guidelines (Da
Silva et al., 2019), the chain comprises a 5th-order CIC with decimation by 64, a
moving-average equalizer to correct passband droop, and a 63rd-order low-pass FIR
that performs an additional factor-2 decimation (overall R=128). The architecture
and the stage magnitude responses are shown in Fig. III.6.

Table II compares this baseline with the proposed neural converter in terms of pa-
rameter memory and arithmetic operators. Although our design uses slightly more
adders than the CIC-based chain, it reduces the number of multipliers and the param-
eter memory footprint by approximately one order of magnitude, yielding a markedly
lower overall computational complexity and hardware resource usage. These sav-
ings, together with the achieved SNR , MAE, and FFT-MAE, make the proposed filter
a practical interface for always-on KWS pipelines under in-sensor computing con-
straints.
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Figure III.7: Processing Element (PE) datapath. A single 21-bit pipeline combines: an input
multiplexer for operand/sign selection, a multiplier (X) used for CONV2 MACs, an
adder/subtractor, and the 21-bit output register (REG PE). For CONV1 the multiplier is
bypassed and signed add/sub implements the {−1,+1}–weighted accumulation; for CONV2
the PE performs 24 MACs per output sample. Bit-widths are chosen to avoid overflow while
operating with 8-bit quantized data.

III.5 Proposed PDM-to-PCM Converter Hardware Implementa-
tion

III.5.1 Architecture Design of the Proposed PDM-to-PCM Converter

To meet the stringent area and power budgets of ISC—namely, to remain within
a sub-mW power envelope and a sub-0.1 mm2 silicon footprint compatible with tight
co-integration in a digital MEMS microphone readout ASIC operating at MHz-rate
ODRs—we set design targets below 1 mW and below 0.1 mm2 at an ODR of 2.048 MHz
(OSR=128).

To achieve these targets, the proposed hardware adopts an iterative microarchitec-
ture that maximizes resource reuse by time-multiplexing a single compute datapath
across all network operations.

This minimizes memory requirements and logic replication at the cost of additional
cycles—an acceptable trade-off here because the processing rate is ultimately bounded
by the sensor Output Data Rate (ODR). In other words, real-time is ensured as long
as one input sample can be fully processed before the next one arrives.

As illustrated in Fig. III.7, the accelerator consists of a Control Unit (CU) and
a processing core (CORE). The CU is implemented as a finite-state machine (FSM)
that sequences layer operations, configures addressing modes, and arbitrates memory
ports. The CORE contains one Processing Element (PE)—the sole arithmetic datap-
ath—augmented with a small set of local buffers:

• SIPO IN (8 bytes): serial-in/parallel-out buffer for the incoming PDM; acts as
the input FIFO.
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Figure III.8: Top-level hardware of the 1D-CNN–based PDM→PCM converter. A finite-state
Control Unit (CU) orchestrates a reusable CORE containing one PE and small byte-sized
memories: FIFO1 [64 B] (CONV1 weights/bias), FIFO2 [24 B] (CONV2 weights/bias),
SIPO IN [8 B] (input PDM buffer), BFIFO1 [23 B] (partial sums, shift/circular modes), and
OUTPUT [1 B] (8-bit PCM). Multiplexers M ADDSUB and M PADD implement signed add/sub
and zero-padding. The design reuses the single PE across layers to minimize area and power.

• BFIFO1 (23 bytes): buffer for partial sums; behaves as a shift register when
written and as a circular buffer when read.

• FIFO1 (65 bytes): parameter store for CONV1 (weights and bias).

• FIFO2 (24 bytes): parameter store for CONV2 (weights and bias).

At start-up, the CU preloads CONV1/CONV2 parameters into FIFO1/FIFO2 and
sets all FIFOs to circular mode for the remainder of the run.

The PE, shown in Fig. III.8, comprises a multiplier, an adder/accumulator, a small
bank of registers and a set of multiplexers for flexible routing:

• REG outPE: holds the current PE output (partial sum or layer output).

• REG act func: scratch register used by the activation (tanh) engine.

• Control signals select among data sources/sinks (e.g., SIPO IN, BFIFO1, FIFO1/2)
and implement padding by injecting zeros.

Let w1[i] be the CONV1 weights and pdm[i] ∈ {0, 1} the input bit. Mapping
pdm[i] to {−1,+1} by p̃[i] = (−1)¬pdm[i], the CONV1 output is

conv1 out =

63∑︂
i=0

p̃[i] w1[i], (III.3)

so each term is a signed add or subtract of w1[i] and no explicit multiplication is
required. The CU therefore routes w1[i] to the adder with the appropriate sign based
on the input bit.

CONV2 performs a standard 1-D convolution over the decimated stream:

conv2 out[j] =

22∑︂
i=0

conv1 out[j − i]w2[i], (III.4)
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requiring 24 multiply–accumulate (MAC) operations per output sample. When padding
is needed, the CU forces the PE input to zero via the multiplexer (i.e., zero-insertion
at the boundaries).

As validated during the early hardware-aware modeling stage (Sec. III.4.1), the
tanh(·) non-linearity is implemented through a compact Taylor polynomial approxi-
mation to avoid LUT-based designs,

tanh(a) ≈ a− a3

3
= a− 1

3
× a× a× a (III.5)

which bounds the approximation error below the 8-bit quantization step (approxi-
mately 2−7) in the operating range. The computation is scheduled over four PE cycles:
two consecutive reads to form a, a third access to produce a3/3, and a fourth to accu-
mulate the final result into REG outPE.

Weights, activations, and layer outputs use 8-bit fixed-point (1.7) to match the
quantized network. To prevent overflow:

• CONV1 accumulators are 14 bits wide (sum of 64 signed 8-bit terms).

• CONV2 MAC accumulators are 21 bits wide (sum of 24 products of signed
8-bit operands).

All intermediate values are rounded/saturated back to 8 bits at layer boundaries.
Depending on the operation (plain convolution, plus bias, with/without padding),

the CORE requires between 1 and max ccs inputCore = 184 cycles to process
one input sample. If the system had to accept every new PDM bit immediately, the
clock frequency would satisfy

fclk > max ccs inputCore×ODR = 184× 2.048 MHz ≈ 377 MHz.

Instead, the SIPO IN buffer decouples input acquisition from computation, so the
minimum cycles available per input bit become

min ccs inputSys =
max ccs inputCore

SIPO IN size
,

greatly relaxing the clock constraint.
From post-synthesis results in 130 nm CMOS, the dynamic power is 128.7 µW/MHz.

To keep the on-sensor power below 1 mW (well under a typical MEMS microphone
budget), we cap the operating frequency to about 7.6 MHz. With ODR = 2.048 MHz,
this yields roughly three clock cycles per input bit on average, which—together with
input buffering—meets real-time operation while staying within the power envelope.

The architecture reuses a single PE and a few byte-sized buffers under FSM con-
trol to implement the entire 1D-CNN with minimal hardware. CONV1 eliminates
multipliers altogether by exploiting the binary nature of PDM; CONV2 uses a short
MAC loop; the activation is computed via a low-cost cubic polynomial. Carefully
sized accumulators guarantee correctness without resorting to wide data paths, and
input buffering allows operation at a single-digit MHz clock, keeping dynamic power
in the sub-milliwatt range appropriate for in-sensor integration.
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Table III.2: Artix–7 (XC7A35T) implementation at 6.5 MHz. Both designs process PDM at
2.048 MHz (OSR= 128) and produce 16 kHz PCM.

CIC-based Filter Proposed System

Input Freq. [MHz] 2.048 2.048
Output Freq. [kHz] 16 16
OSR 128 128
Clk Freq. [MHz] 6.5 6.5
LUTs 744 917
FFs 812 361
DSPs 1 0
Dyn. Power [mW] 7.000 0.182

III.5.2 FPGA Results and Discussion of the Proposed PDM-to-PCM
Converter

The neural PDM-to-PCM converter hardware was prototyped on a Xilinx Artix–7
(XC7A35T-CPG236-1) using the VIVADO design suite to validate the functional
behavior and HW performance of the proposed design in real hardware. For a fair
comparison, we also implemented the conventional multistage baseline of Fig. III.6
on the same device (CIC decimator followed by compensation and a low-pass FIR).
Both designs were driven by the same testbench, with a PDM input rate of 2.048 MHz
(OSR= 128) and a target PCM output of 16 kHz. The system clock was set to
6.5 MHz, which is the minimum frequency that guarantees real-time operation given
the chosen input buffering (SIPO IN= 62 bits).

Table III.2 reports post-implementation resource counts and dynamic power from
VIVADO. The proposed design maps to slightly more LUTs than the CIC-based chain
(917 vs. 744, +23%), but it uses far fewer flip-flops (361 vs. 812, ≈−56%) and no
DSP blocks (0 vs. 1). Avoiding DSPs keeps the design portable across low-end FPGAs
and aligns with the multiplier-free CONV1 and short, 8-bit MAC loop in CONV2.
Most notably, the measured dynamic power is about one order of magnitude lower
for the proposed design (0.182 mW vs. 7 mW at 6.5 MHz), corresponding to roughly
28µW/MHz.

Operating at 6.5 MHz with a 2.048 MHz input stream provides more than three
clock cycles per incoming PDM bit on average, which—together with the SIPO IN
buffer—meets the worst-case cycle budget of the iterative CORE and ensures real-
time decoding without stalls.

When driven with the same PDM sequences, the FPGA prototype produces PCM
outputs that match the software model within the expected 8-bit quantization tol-
erance. Measured on a 1 kHz sinusoidal input, the converter achieves an SNR of
≈48 dB, consistent with the results reported in Sec. III. In the end-to-end evaluation
with the KWS back end, the FPGA outputs preserve the 89% classification accuracy
observed in software.

The resource profile highlights the key advantage of the neural interface for in-
sensor computing: by consolidating decimation and anti-alias filtering into a learn-
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Table III.3: Synthesis results at sensor ODR = 2.048 MHz (TSMC 130 nm CMOS). Power from
Cadence JOULES with SAIF; area and timing from post-synthesis reports.

CIC-based Filter Proposed System

Clk Freq. [MHz] 123 6.5
Dyn. Power [µW] 2600 837
Area [mm2] 0.080 0.086

able, shallow 1D-CNN, we remove the coefficient-heavy FIR chain and the single
DSP usage of the baseline, cutting dynamic power by an order of magnitude while
maintaining audio fidelity and KWS accuracy. The absence of DSPs and the mod-
est register count make the design portable to a wide range of low-cost FPGAs and
amenable to on-sensor ASIC integration in the next section.

III.5.3 ASIC Results and Discussion of the Proposed PDM-to-PCM
Converter

To assess tight sensor–level integration, the converter was synthesized in a com-
mercial 130 nm CMOS technology (TSMC 0.13µm) using the Cadence digital flow.
Power was estimated with Cadence JOULES from SAIF activity generated on the RTL
testbench, while area and timing refer to post-synthesis reports. We set the MEMS
microphone Output Data Rate (ODR) to 2.048 MHz (OSR = 128), which maps conve-
niently to a 16 kHz PCM rate and allows power-of-two decimation. All figures below
refer to this ODR.

Table III.3 contrasts the proposed neural converter with a conventional multistage
baseline (5th-order CIC with 64× decimation, moving-average equalizer, and a 63rd-
order FIR with an additional 2× decimation). Thanks to the iterative microarchitecture
and the absence of multipliers in CONV1, the proposed design meets real-time oper-
ation at a clock about ∼19× lower than the CIC-based chain (6.5 MHz vs. 123 MHz).
This directly translates into a substantial dynamic-power reduction: 837µW for the
proposed system versus 2.6 mW for the CIC baseline (about 3.1× lower at the tar-
get ODR). Area is comparable (0.086 mm2 vs. 0.080 mm2), with a modest +7.5%
overhead that remains compatible with co-integration inside a digital MEMS micro-
phone ASIC. Therefore, our proposal keeps total power and area well below 1 mW
and 1 mm2, compatible with ISC constraints.

From the synthesis reports, the proposed core closes timing at up to ∼200 MHz,
establishing comfortable headroom for dynamic voltage and frequency scaling. Since
the iterative engine requires roughly three core cycles per input bit on average (Sec.III.
4.1), the maximum interfaceable ODR is approximately 200/3 ≈ 66MHz—far above
what is needed for KWS, but useful for other sensing scenarios (Jamuna et al., 2014).

These results confirm that a learned, shallow 1D-CNN can replace the traditional
CIC+FIR front end while staying within sub-milliwatt budgets and a tenth of a square
millimeter in 130 nm CMOS. The significantly lower clock and power, together with
comparable area, make the proposed PDM→PCM interface an attractive building
block for always-on, in-sensor TinyML pipelines.
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These results confirm the feasibility of deploying the neural converter as part of an
audio sensing front-end. Its low area and power profile, combined with high recon-
struction fidelity and integration flexibility, make it a promising candidate for in-sensor
machine learning applications, particularly in keyword spotting pipelines for wearable
or battery-powered devices.
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Case 2: Low-Power In-Sensor

Predictive Maintenance Based on
Vibration Monitoring

IV.1 Publications Associated with This Chapter

The case study presented in this chapter builds upon peer–reviewed publications
produced within the broader PhD research on Predictive Maintenance (PdM) and
Anomaly Detection (AD) systems, conducted in collaboration with STMicroelectron-
ics and University of Siena.

This research led to one Q1-journal papers and three conference proceedings.
Readers may refer to the following for further details.

IV.1.1 Journal Articles

• Paola Vitolo et al. (2022a). “Low-Power Detection and Classification for In-
Sensor Predictive Maintenance Based on Vibration Monitoring”. In: IEEE Sen-
sors Journal 22.7, pp. 6942–6951. DOI: 10.1109/JSEN.2022.3154479

IV.1.2 Conference Proceedings

• Paola Vitolo et al. (2021). “Low-Power Anomaly Detection and Classification
System based on a Partially Binarized Autoencoder for In-Sensor Computing”.
In: 2021 28th IEEE International Conference on Electronics, Circuits, and Sys-
tems (ICECS), pp. 1–5. DOI: 10.1109/ICECS53924.2021.9665479

• F. Spinelli et al. (2023). “Low-complexity Machine Learning Architecture for
Hardware-aware True Random Number Generators Assessment and Continuous
Monitoring”. In: 2023 18th Conference on Ph.D Research in Microelectronics
and Electronics (PRIME), pp. 221–224. DOI: 10.1109/PRIME58259.
2023.10161903

• Tommaso Addabbo et al. (2024). “Monitoring Hardware True Random Number
Generators with Artificial Neural Networks: Problem Modeling and Training
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Dataset Generation”. In: Applications in Electronics Pervading Industry, Envi-
ronment and Society. Ed. by Francesco Bellotti et al. Cham: Springer Nature
Switzerland, pp. 291–296. ISBN: 978-3-031-48121-5

IV.2 Introduction

The rapid progress of AI—and Deep Learning (DL) in particular—is catalyzing
the deployment of effective AD systems as a first step toward full PdM in Industry 4.0,
where reliability gains and cost reductions are primary drivers (Ran et al., 2019). Al-
though faults in industrial assets arise from heterogeneous electrical and mechanical
causes, recent studies indicate that bearing issues alone account for roughly 30–40%
of failures (Zhang et al., 2020). Early symptoms of incipient mechanical faults often
manifest as weak, atypical vibration patterns that can be sensed by acoustic or inertial
transducers (e.g., vibrometers, accelerometers) mounted on the machine body and re-
layed to a processing unit (Zhang et al., 2020). Because industrial environments are
typically noisy and operating conditions vary, DL methods—by learning discrimina-
tive structure directly from sensor streams—tend to uncover subtle correlations be-
tween normal and anomalous behaviors more effectively than analytic or rule-based
approaches, especially at an early stage when deviations are small (Ran et al., 2019;
Yang et al., 2020).

Importantly, even when the monitored assets are not portable, practical PdM de-
ployments often rely on distributed sensing points that must be retrofitted, repli-
cated at scale across large facilities, or connected wirelessly as Industrial-IoT nodes.
In such scenarios, the dominant bottlenecks are frequently node-level constraints—
continuous (always-on) monitoring, communication bandwidth, installation and main-
tenance overhead (e.g., battery replacement), and local thermal/power/area budgets—
rather than the availability of mains power at the plant level. Consequently, perform-
ing early inference near (or within) the sensor to reduce raw-data streaming and en-
able event-driven operation becomes a common design objective in edge-AI condi-
tion monitoring, including TinyML-based vibration anomaly detection on resource-
constrained devices and low-power wireless sensing nodes for fault diagnosis in harsh
environments (Arciniegas et al., 2025; Kolok et al., 2025; L. Wang et al., 2025;
Losada et al., 2024). Moreover, the same architectural rationale extends beyond fac-
tory machinery to other distributed and mobile domains—such as rail/rolling stock
and automotive onboard monitoring—where wiring is costly and per-node communi-
cation/power budgets remain constrained (Dziadak et al., 2022; Tang et al., 2023).

Modern PdM literature explores several DL families—CNNs, Generative Adver-
sarial Networks (GANs), and Recurrent Neural Networks (RNNs)—each with distinct
strengths and weaknesses (Ran et al., 2019). However, running such models continu-
ously in real deployments is challenging: computational cost, memory footprint, and
energy consumption are often incompatible with always-on monitoring budgets at the
edge (Yang et al., 2020; Saufi et al., 2019). In this context, autoencoders (AEs) are
particularly appealing: they can be trained unsupervised to reconstruct their inputs and
thus flag anomalies via reconstruction error when the incoming data deviates from the
learned notion of normality—an advantage when labeled fault data are scarce (Capra
et al., 2020). The limitation, however, is intrinsic: AEs detect that an anomaly oc-
curred but typically do not classify its type (Zhai et al., 2018). Related work has
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Figure IV.1: Predictive-maintenance concept and system-level block diagram for bearing
monitoring. Left: the machine is continuously monitored so that intervention occurs before the
fault occurs. Right: the proposed pipeline processes the vibration signal with an anomaly
detection and classification module; when an anomaly is flagged, an on-demand classifier is
triggered to identify the fault type (e.g., defect on ball, inner raceway, or outer raceway) and
report confidences.

attempted to overcome this gap either with compact conventional Machine Learn-
ing (ML) classifiers or with deeper DL stacks, yet practical systems still struggle
to balance implementation resources, throughput, and detection/classification accu-
racy (Ribeiro et al., 2020; STMicroelectronics, 2015).

In this chapter’s case study, as shown in Fig.IV.1, we present a low-power Anomaly
Detection and Classification (ADC) system for PdM that addresses these limitations
with an in-sensor, edge-AI design. The main features are:

1. Continuous vibration monitoring of mechanical equipment with real-time AD
(each input processed before the next arrives) at high ODR.

2. Very high AD accuracy and on-demand anomaly classification across nine
fault/operating classes: a deep convolutional AE performs lightweight, always-
on detection; upon anomaly, an Anomaly Classifier (AC) wakes up and classifies
the event asynchronously.

3. In-sensor computing to reduce energy and bandwidth: a large fraction of the
computation is placed at or within the sensor to curtail continuous data move-
ment on the communication channel (Pan et al., 2022; STMicroelectronics,
2020).

Architecturally, as illustrated in Fig.IV.2, the proposed system is hybrid: a deeply
quantized, low-area AE operates continuously near the sensor and also serves as a fea-
ture extractor for the classifier by exposing its encoder embedding. The AC—implemented
on a low-power microcontroller (MCU)—is kept in deep sleep and activated on de-
mand by the AE only when an anomaly is detected, thus gating power and compute in
normal operation. The AE is expressly optimized for tight integration with the CMOS
circuitry commonly co-packaged with inertial MEMS (A/D, filters, resamplers, etc.),
enabling practical in-sensor AI (STMicroelectronics, 2020). Its design choices are
summarized below:

• Multilayer convolutional encoder/decoder to achieve high detection accuracy
with shallow depth relative to general-purpose DL.
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Figure IV.2: Proposed hybrid in-sensor/MCU architecture for vibration-based predictive
maintenance. A MEMS inertial sensor acquires the bearing vibrations and feeds a partially
binarized convolutional auto-encoder that runs in-sensor to reconstruct the signal and
perform anomaly detection at the sensor ODR. When the reconstruction error exceeds a
threshold (fault detected), the encoder features are forwarded and a wake-up is issued to the
MCU, which—normally in deep sleep—executes a full-precision CNN head to classify the
fault. This split minimizes energy and bandwidth on the sensor while preserving classification
accuracy. Extracted from (Vitolo et al., 2022a)

• Custom partial binarization of selected layers: weights are binarized where
accuracy is preserved, while activations remain in low-precision fixed point for
the most sensitive stages—balancing accuracy and hardware cost.

• Hardware-centric optimization to limit resources via tailored datapaths and
memory organization, rather than by aggressively pruning network depth (An-
tonio De Vita et al., 2020).

• Classifier sharing: thanks to the small encoder embedding, a single AC can be
time-multiplexed across multiple AEs distributed on the machine, if desired.

As a representative application, we target bearing health monitoring and adopt the
Case Western Reserve University (CWRU) dataset for training and validation (Case
Western Reserve University (CWRU) Bearing Data Center 2020). The proposed sys-
tem achieves state-of-the-art figures: 99.61% detection accuracy and up to 94.83%
classification accuracy across 9 classes. On a Xilinx Artix-7 FPGA prototype, the
AE consumes 122 mW total (15 mW dynamic) at 45 MHz, i.e., ≈ 333µW/MHz dy-
namic, and supports MEMS ODRs up to 365 kHz, a key requirement for real-time
monitoring of high-speed tools (e.g., drills, cutters). A 65 nm LP-HVT CMOS syn-
thesis reports 138.62µW/MHz dynamic, 0.49 mm2 core area, and 230 MHz maximum
frequency; analyses in 90 nm and 130 nm HVT nodes further support the feasibility of
embedding the accelerator alongside sensor readout blocks for in-sensor computing.
To the best of our knowledge, these results exceed the state of the art for systems with
comparable constraints.

Section IV.2 reviews recent PdM/AD literature and positions our design. Section
IV.3 details the AE/AC models. Section IV.4 presents the hardware architecture and
implementation. Section IV.5 reports FPGA/ASIC results and comparisons.
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IV.3 State of the Art

To endow AEs with recognition capabilities, recent contributions often augment
AEs with conventional ML, which is computationally lighter than DL. A stream of
works focuses on improving AE-based models. For instance, a Feature Distance–Stacked
AE (FD–SAE) has been paired with a Support Vector Machine (SVM) to classify three
anomaly types, but only when their effects on bearings deviate markedly from normal
operation (Cui et al., 2021).

A deep generative approach based on a Variational AE (VAE) performs classifi-
cation with a reduced set of labeled samples (Zhang et al., 2021). Wavelet-packet
denoising combined with random forests attains 88.23% fault-diagnosis accuracy for
rolling bearings under noise (Z. Wang et al., 2017). In parallel, 2D CNNs on vibration
data further boost fault-classification accuracy (Magar et al., 2021).

Despite these advances, many models demand substantial compute and memory,
making them ill-suited for resource-constrained embedded deployments. Cloud of-
floading is generally impractical for mission-critical assets because of latency, band-
width, and reliability concerns; likewise, CPU/GPU platforms have silicon area, cost,
and power profiles incompatible with on-machine integration (Capra et al., 2020).
Specialized accelerators such as the Xilinx Deep Learning Processor Unit (DPU) sup-
port common DL operators but target high performance and remain too resource- and
energy-hungry for extreme deep-edge scenarios (Lei et al., 2020).

Several FPGA designs (Tsukada et al., 2020; Maria et al., 2016; Coutinho et al.,
2019) also instantiate large neuron counts, with commensurate resource and power
budgets. Lightweight CNN families (e.g., Tiny-YOLO, MobileNet, ShuffleNet) re-
duce complexity (Fang et al., 2020; Yu and Lv, 2021; H. Liu et al., 2019; C. C. Chen
et al., 2021), yet they still fall short of microwatt-level power envelopes required for
always-on sensing.

A configurable neural architecture has been proposed to lower average power
by operating a small, low-precision AE in the nominal case and scaling complex-
ity/precision once an anomaly is detected (S. K. Bose et al., 2020). While attractive
for detection, such gating is not ideal for PdM, which demands high sensitivity to
weak, early-stage faults (Zhang et al., 2020; Yang et al., 2020).

In contrast, our approach emphasizes custom neural hardware to keep most com-
putation in sensor, thereby minimizing system energy and communication bandwidth
(Z. Zou et al., 2019) while supporting high-ODR inertial MEMS sensors (STMicro-
electronics, 2015; STMicroelectronics, 2020).

IV.4 The Proposed Models for the Anomaly Detection and Classi-
fication System

The proposed ADC system is illustrated in Fig. IV.3.
It comprises two neural components:

• Autoencoder (AE) — always-on anomaly detection: composed of an Encoder
followed by a Decoder; faults are flagged via reconstruction error.

• CNN-based Classifier — fault identification: when triggered, it processes the
Encoder’s embedding to classify the anomaly type.
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Figure IV.3: Y-shaped neural architecture for predictive maintenance. A shared convolutional
Encoder performs feature extraction and is reused by two heads: (i) with the Decoder, it forms
an autoencoder for binary fault detection via reconstruction error; (ii) with the Classifier, it
forms a CNN branch for fault classification. Sharing the encoder reduces memory/compute
and allows the classifier to remain idle until an anomaly is detected. Extracted from (Vitolo
et al., 2022a)

The Encoder is shared by both models in a Y-shaped topology: It serves as a
shared feature extractor for both the Decoder and the CNN. It runs continuously to
produce features for AD; upon an anomaly, the same features are forwarded to the
classifier head. This sharing eliminates duplicated computation and memory and en-
ables power/compute gating of the classifier during nominal operation.

Both models adopt a partial quantization strategy previously validated by the au-
thors on a resource-constrained Human Activity Recognition (HAR) pipeline (A. De
Vita et al., 2020b; A. De Vita et al., 2020a). Although the present application, net-
work sizes/topologies, and sensing modality differ, the same principle proved effective
here for PdM. In particular, all AE weights are binarized to {−1,+1} and stored with
1 bit, yielding an approximate 32:1 reduction in parameter memory compared with 32-
bit floating-point, and replacing multiplications with sign-controlled ADD/SUB opera-
tions—substantially reducing area and dynamic power. In addition, the most compute-
or memory-intensive activations are binarized, while sensitive stages retain low-precision
fixed-point to preserve accuracy; Batch Normalization layers are inserted to stabilize
training and mitigate quantization-induced drift (Sari et al., 2019). This combination
delivers an accuracy–efficiency trade-off suitable for in-sensor deployment.

IV.4.1 Anomaly Detection Model

The proposed AE is shown in Fig. IV.4, and is organized as two sequential stages:
an Encoder (Fig. IV.4a) and a Decoder (Fig. IV.4b). A convolutional design is adopted
for both stages, which brings several advantages for the HW implementation of the
AE:

• Fewer parameters and lower resource usage than an equivalent fully connected
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Figure IV.4: Architecture of the proposed ADC model. (a) Encoder: two 1D convolutional
blocks—Conv(5×8)+BN with binarization, followed by Conv(5×8)+MaxPool(4)—produce the
shared features. (b) Decoder: Upscale(4) and two transpose-convolution
blocks—Deconv(5×8)+BN with binarization and Deconv(5×8)+ReLU—reconstruct the
24-sample output. (c) CNN Head: the encoder features are accumulated into a vector
(W8=1184) and passed through BN+FC+ReLU and BN+FC+Softmax to produce 9-class
fault predictions. The encoder is shared by both branches, yielding a Y-shaped AE+classifier
topology. Extracted from (Vitolo et al., 2022a)

topology, substantially reducing memory and logic.

• Simpler operators and shorter data paths in the convolutional layers, which
favor iterative HW realizations of CONV blocks with acceptable latency—even
for sensors operating at very high ODR.

• Smaller area and lower power than a conventional dense network thanks to
weight sharing and localized computation.

The encoder comprises two convolutional (CONV) layers followed by a Max-
Pooling (MP) layer, acting as hierarchical feature extractors and a decimation filter,
respectively. Each CONV uses 8 channels, kernel size 5, stride 1, and no zero padding.
The input window length is W1=24 samples. Inputs to the first layer are not binarized;
they are represented with 16 bits, reflecting the output format of several commercial
PdM sensors (STMicroelectronics, 2015).

Because padding is zero, the number of outputs per channel after CONV1 is W2 =
W1 − (5 − 1) = 20. Thus, the CONV1 activation tensor has size W2 × ch = 20 ×
8 = 160 samples. CONV1 is followed by a Batch Normalization (BN) layer and a
binarization step, so each output can be represented with a single bit.

The binarization activation is the sign function,

y = sgn(x) =

{︄
−1, x < 0,

+1, x ≥ 0,
(IV.1)

Sign activation function which is used here because most of the subsequent computa-
tions are performed in CONV2.
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Table IV.1: Memory and operations required by the ADC model. Extracted from (Vitolo et al.,
2022a)

Layer Parameters [bytes] Op. per window

ENCODER
(24 inputs)

Conv1 21 960 ADDs
Norm1 16 160 SUBs
Conv2 56 5,248 ADDs
Max Pool 0 128 SUBs + COMP

DECODER
(24 inputs)

Upscale 0 0
ConvT1 56 6,560 ADDs
Norm2 16 160 SUBs
ConvT2 21 984 ADDs

CNN Head
(600 inputs)

BN 9,472 4,736 ADDs + 4,736 MULTs
FC1 303,360 75,841 ADDs + 75,776 MULTs
BN 512 256 ADDs + 256 MULTs
FC2 2,340 585 ADDs + 576 MULTs

Layer CONV2 applies a bank of 8 filters of size 8×5; its output activations have
size W3× ch = 16×8 = 128 samples. The following Max-Pooling layer has pooling
size 4, therefore its output is W3/4× ch = 4× 8 = 32 samples.

The decoder mirrors the encoder. It first applies an UpSampling layer that quadru-
ples the temporal length of its input, and then a transpose-convolution (ConvT) that
implements the inverse filtering. The input size of the first transpose-convolution is
W5× ch = 16×8; uniform padding yields an intermediate size of 24×8, after which
a convolution with kernel size 5 and 8 channels is applied. The resulting activation
size is W6 × ch = 20× 8 = 160 samples. As in the encoder, ConvT1 is followed by
BN and binarization, so each output can be encoded with 1 bit. ConvT2 uses the same
padding and convolution settings as ConvT1, but employs the ReLU activation,

y = ReLU(x) =

{︄
0, x < 0,

x, x ≥ 0,
(IV.2)

ReLU activation function for the final reconstruction.
Table IV.1 reports the AE complexity, detailing for each layer the parameter mem-

ory and the number of operations per window. To minimize HW resources in the
complete system, the Encoder also serves as the shared feature extractor for a shallow
classifier; together they form the CNN head for fault classification, sharing a large
portion of resources with the AE.

IV.4.2 Fault Classification Model

Figure IV.4c depicts the CNN Head, which—together with the shared encoder
of Fig. IV.4a—forms the classifier branch. In this branch the encoder provides the
feature extractor (two partially binarized CONV layers, one normalization layer, and
one MaxPool), while the head itself consists of two full-precision fully connected
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(FC) layers followed by a Softmax. The first FC layer (FC1) has 64 neurons with the
ReLU activation of (IV.2); the second (FC2) has 9 neurons, matching the number of
fault/operating classes considered.

Unlike the AE, a 24-sample input window does not provide enough temporal con-
text to reliably disambiguate fault types. With W=24, the mean classification accu-
racy is about 55%. Increasing the input span improves performance markedly: using
W=336 samples yields 91.92% accuracy, and performance peaks at 94.83% with
W=600 samples. In the final design we therefore adopt W=600 for the classifier.

The CNN Head is deployed on an STM32L476RG microcontroller using the X-
CUBE-AI (v6.0.0) toolchain, which converts the pre-trained network to C, compiles
it, and profiles it on the target. A single inference requires 79 120 MACC operations;
with an average of 8.69 clock cycles per MACC at 80MHz, the end-to-end latency
is 8.59ms—incurred only after the AE raises an anomaly. The STM32 consumes
approximately 120 µAMHz−1 in run mode. The layer-wise parameter memory and
arithmetic counts for the head are reported in Table IV.1. Because the head uses single-
precision floating point and a comparatively large memory footprint, implementing it
in-sensor is not practical; instead it is naturally realized as software on a low-cost
MCU (or as a companion block on an FPGA) operating in tandem with the AE.

To reconcile the encoder’s native window (W=24) with the classifier’s require-
ment (W=600) while keeping the ADC compact and encoder-shared, we accumulate
the 24-element MaxPool output of the encoder in the MCU RAM across 25 successive
windows (on each AE trigger), thus forming a 24×25 = 600-element input vector for
the CNN Head. This arrangement (i) enables easy in-field fine-tuning of the classifier
without modifying the in-sensor AE (e.g., to compensate for wear or operating-point
changes), and (ii) allows time-sharing of a single CNN Head across multiple sensors
that expose the same encoder features but are mounted at different locations on the
monitored apparatus.

IV.4.3 Dataset Used and Model Results for the Proposed Anomaly
Detection and Classification System

To validate the proposed ADC, we adopt the bearing dataset from Case Western
Reserve University (CWRU, Cleveland, OH, USA) (Case Western Reserve University
(CWRU) Bearing Data Center 2020). The test rig records motor-bearing vibration at
12 kHz and 48 kHz using accelerometers mounted on the motor housing with mag-
netic bases; electrical-discharge machining introduces defects of four diameters on the
rolling elements, outer raceway, and inner raceway. Speeds are 1797, 1772, 1750, and
1730 rpm, with loads of 0, 746, 1492, and 2238 W.

For this work we extract two aligned datasets: (i) 20,328 windows of length W=24
samples for the AE, and (ii) 2,637 segments of length W=600 for the CNN Head, all
stored at 16 bits. In the classifier, 9 fault/operating classes are considered (ball, inner,
and outer raceway, each with three defect sizes); the composition is summarized in
Table IV.2.

The AE and the CNN Head are implemented in TensorFlow; binarized layers are
handled with Larq (Abadi et al., 2016; LARQ Documentation 2021). The AE dataset
is split into 75% training, 12.5% validation, and 12.5% test. Because the CWRU
corpus contains both normal and faulty data, we follow the anomaly-detection proto-
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Table IV.2: Subset of the CWRU dataset used for the CNN. Extracted from (Vitolo et al.,
2022a)

Fault Location Diameter [inch] # Samples Sample Length

Ball 0.007 293 600
0.014 293 600
0.021 293 600

Inner raceway 0.007 293 600
0.014 293 600
0.021 293 600

Outer raceway 0.007 293 600
0.014 293 600
0.021 293 600

col in (Yamanaka et al., 2019). The AE is trained for 50 epochs with batch size 256.
We report accuracy and Area Under the ROC Curve (AUC) on the test set; AUC is
threshold-independent and evaluates the detector irrespective of the operating point.
Averaged over 10 trials, the AE attains AUC = 0.99 and accuracy = 99.61%.

For the classifier, the CWRU subset is split into 80% training, 10% validation,
and 10% test. We use categorical cross-entropy and Adam, train for 200 epochs with
batch size 128, and average results over 10 runs. The final mean accuracy is 94.83%.
Empirically, classification accuracy improves with temporal context: it is ∼55% with
W=24, rises to 91.92% with W=336, and peaks at 94.83% with W=600.

Table IV.3 contrasts our partially binarized CNN classifier with a recent 1D-CNN
approach from the literature (C. C. Chen et al., 2021); for context we also refer to
lightweight 2D CNN families (MobileNet, ShuffleNet V2) reported in (H. Liu et al.,
2019). The 1D-CNN in (C. C. Chen et al., 2021) operates directly on 1D vibration,
thereby avoiding STFT-based 2D time–frequency transforms (often required by 2D
methods (H. Liu et al., 2019)) and yields strong accuracy. Nevertheless, our head re-
quires orders of magnitude fewer multiply operations and parameter bytes than (C. C.
Chen et al., 2021), thanks to partial binarization and the shared-encoder design. The
observed ∼4.47% reduction in accuracy relative to (C. C. Chen et al., 2021) (from
99.3% to 94.83%) is an acceptable trade-off for the intended hardware deployment,
where detection is performed in-sensor and classification is invoked on demand at the
MCU.

IV.5 Hardware Architecture of the Proposed Anomaly Detection
and Classification System

The HW design strategy for the AE accelerator targets the minimum number of
circuit elements and exploits extensive resource sharing and iterative processing to
meet the tight area–power budgets of in-sensor deployment, while still interfacing in
real time with ODR sensors.

With partial binarization, a single bit encodes the weights and the binarized ac-
tivations of selected layers; non-binarized quantities are represented in fixed point.
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We adopt a 16-bit fixed-point format (Q8.8) for those values, which strikes a good
balance between code length and accuracy. These quantization choices shrink the
memory footprint of convolution kernels and partial sums so they fit in internal reg-
isters or distributed on-chip memories (e.g., FPGA block/distributed RAM), avoiding
slower and more energy-hungry access to higher-level or off-chip memory.

Weight binarization converts multiply–accumulate (MACC) operations into sign-
controlled additions/subtractions. Thus each CONV/CONVT layer effectively com-
putes

N∑︂
i=1

wi xi + b = ±x1 ± x2 ± · · · ± xN + b, (IV.3)

Add–subtract realization of a convolution with binarized weights (MACC-free form).
where wi and xi are the weight and input to a neuron, respectively, and b is the bias.

Because batch normalization (BN) is immediately followed by binarization, the
BN layer can be implemented without a full-precision multiplier. For a generic input
x, BN produces

y = αx+ β = α

(︃
x+

β

α

)︃
.

Since the subsequent activation is the sign function (constraining y to ±1), only the
sign of α and the value γ = β/α are needed; these are encoded with 1 bit and 16 bits,
respectively, eliminating the multiply while preserving the binarized output.

IV.5.1 Hardware Description of the Proposed Modules

Figure IV.5 schematizes the HW architecture of the AE. It consists of two modules
that implement, respectively, the encoder and the decoder, a FIFO used to buffer data
exchanged between the two modules, and a Control Unit (CU) that orchestrates all
operations. The encoder and decoder operate asynchronously with respect to each
other so that the encoder can accept a new input window without waiting for the
decoder to complete, thereby increasing the maximum input data rate (IDR).

Figures IV.5(b) and IV.5(c) show the implementation diagrams of the encoder and
decoder modules. Each module is composed of a local control unit (ENC CU or
DEC CU) and a computational core (ENC CORE or DEC CORE) that iteratively ex-

Table IV.3: Model comparisons. Extracted from (Vitolo et al., 2022a)

Proposed CNN C. C. Chen et al. (2021)

Op. per window
ADDs 243,530 2,537,306
MULTs 81,344 2,366,144
COMP 3,200 85,232

Memory [bytes] 408,221 1,058,568
Average Accuracy [%] 94.83 99.3
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Figure IV.5: Hardware architecture of the autoencoder accelerator. (a) Top-level
organization: the ENCODER and DECODER exchange data through a FIFO BUFFER under
a global Control Unit (CU); the two modules run asynchronously so the encoder can accept
new inputs while the decoder is still processing. Byte counts indicate embedded FIFO/memory
sizes (ENCODER: 268 B; DECODER: 246 B). (b) Encoder module: local controller
(ENC CU), SIPO for the receptive field, and ENC CORE with FIFOs for weights (FIFO W,
50 B) and biases (FIFO B, 48 B), a Processing Element (PE), and three output circular buffers
(BFIFO o1/o2/o3: 80/64/16 B). (c) Decoder module: local controller (DEC CU) and
DEC CORE with FIFOs for weights (50 B) and biases (34 B), the PE, and output buffers
(BFIFO o1/o2/o3: 80/80/2 B). Extracted from (Vitolo et al., 2022a)

ecutes the operations of the encoder/decoder. The encoder also includes a SIPO (se-
rial–in/parallel–out) buffer to hold the receptive field of the first CONV layer. Both
cores comprise: (i) a processing element (PE), (ii) multiplexers that select the proper
PE inputs, (iii) FIFOs, and (iv) embedded memories to store all temporary variables
needed for local computation. Circular buffers based on FIFOs are used to store in-
puts, partial outputs, and network parameters.

Taking into account the design choices:

• the kernel size and the number of channels of each CONV layer are 5 and 8,
respectively;

• weights and biases are encoded with 1 bit and 16 bits, respectively;

• the BN parameters, α and γ, are encoded like weights and biases, respectively;

• the numbers of weights, biases, and BN parameters stored in the encoder are:

CONV1w + BN1α + CONV2w = 5× 8 + 5× 8× 8 = 400,

CONV1b + BN1γ + CONV2b = 8 + 8 + 8 = 24;

• the numbers of weights, biases, and BN parameters stored in the decoder are:

CONVT1w + BN2α + CONVT2w = 5× 8× 8 + 5× 8 = 400,
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CONVT1b + BNT1γ + CONVT2b = 8 + 8 + 1 = 17.

Consequently, the encoder FIFOs allocate 400 bits for weights and 24 × 16 bits for
biases; the decoder FIFOs allocate 400 bits for weights and 17× 16 bits for biases.

Each CONV layer can start as soon as a number of input samples equal to the
kernel size is available, whereas the MaxPool must wait for a number of inputs equal
to its pooling size. We therefore adopt an iterative schedule that does not wait for an
entire window but only for what is strictly necessary to begin processing. For example,
CONV1 starts when 5 of the 24 input samples are ready. This reduces the SIPO from
24 × 16 bits to 5 × 16 bits (a 79% reduction). The FIFOs for partial results have the
following sizes: CONV1 40 × 16 bits, CONV2 32 × 16 bits, MaxPool 8 × 16 bits,
CONVT1 40× 16 bits, and CONVT2 40× 16 bits, for an overall reduction of 74%.
As a result, ENC CORE and DEC CORE embed 268 bytes and 246 bytes of FIFO
memories, respectively.

FIFOs that store weights and biases are initialized via an external data stream
during setup; afterwards, the CU configures them as circular buffers for the entire
run. The memories used for partial results act as FIFOs when written and as circular
buffers when read as inputs by the following stage.

Figure IV.6 depicts the PE, shared by encoder and decoder. It is a three-level adder
tree implemented in 16-bit fixed point (Q8.8). As in (IV.3), the PE performs a dot
product between two length-5 vectors (DIN and W, with binarized entries) and adds
either a bias or the previous partial sum. Adders A1–A3 are 16-bit units with the
sign-controlled add/subtract logic for binarized multiplications; A4 and A5 are 16-bit
adders. The tree output can be iterated through the RES mux to accumulate the result
and realize the convolution in (IV.3) for each layer. The activation functions of (IV.1)
and (IV.2) are implemented by the BIN and RELU muxes, driven by the adder tree
and selected by the ACT and RES signals when the dot product is complete. The PE
also performs the comparisons required by the MaxPool layer via the MP mux. In the
decoder, padding and upscaling are carried out by inserting 8 zeros or replicating the
previous 8 samples into buffers BFIFO o1 and BFIFO o2 in Fig. IV.5(c).

IV.5.2 Dynamic Generation of the Layers

To minimize HW resources, all layer operations are executed by reusing the single
PE available in each module. Two control units, ENC CU and DEC CU, manage
PE inputs/outputs and the correct placement of partial results into FIFOs. Both CUs
are implemented as Finite State Machines (FSMs) with one state per layer; each state
contains sub–states that sequence the dot–product and post–processing steps.

For CONV1 in Fig. IV.5, the controller uses two sub–states, each executed in one
clock cycle: (i) a dot–product cycle, where the five input samples in the SIPO and
the five weights in FIFO W are combined and the bias from FIFO B is added; and
(ii) a BN + binarization cycle, where the previous result is offset by the BN parameter
γ (from FIFO B) and then binarized using the sign of α (from FIFO W); the result
is written to BFIFO o1. This computes the first CONV1 output for one channel.
Repeating the two sub–states for all 8 channels yields, for 5 inputs, a total of

2× 8 = 16 clock cycles
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Figure IV.6: Processing Element (PE) used in both encoder and decoder. Five input samples
are combined with binarized weights via sign-controlled add/sub paths (multiplexers
Mw1. . .Mw5), then reduced by a three-level adder tree (A1–A5). The PE supports
bias/partial-sum addition, sign binarization (BIN), ReLU activation, and result feedback
(RES) to accumulate convolutions as in (IV.3). A comparator path (MP) performs max-pool
decisions. The block thus realizes the dot product DIN1w1 + · · ·+DIN5w5 + b without
explicit multipliers. Image extracted from (Vitolo et al., 2022a)

to produce one full CONV1 output vector.
After CONV1, the remaining layers require the following cycles: CONV2 72,

MaxPool 32, CONVT1 72, and CONVT2 9. Accounting for a single cycle to tran-
sition between FSM states, the ENC CORE needs 123 cycles to process one input
sample and, due to the final MaxPool of size 4, produces one output every 4 input
samples.

The DEC CORE is fed asynchronously by the encoder through the buffer and
delivers an output in 9 to 83 cycles, depending on whether padding or upscaling is
required.

Overall, the ADC can accept new input data every 123 cycles and processes the 16
input samples needed for fault detection in a minimum of 3632 clock cycles.

Since ENC CORE and DEC CORE operate in parallel, the maximum sensor
ODR supported by the system is ultimately limited by the encoder processing time.

IV.6 Synthesis and Implementation Results

The proposed design has been prototyped on a Xilinx Artix–7 FPGA (device
XC7A35T-FGG484-1) using the Vivado IDE. Figure IV.7 shows the test–board
setup adopted to evaluate the system.

The platform consists of a compact Digilent Cmod A7–35T module, on which the
AE accelerator is implemented, and an STM32F401RE microcontroller that hosts the
classifier according to the proposed HW/SW hybrid scheme. The MCU also manages
data transfer from the source to the FPGA through a custom, lightweight SPI–like
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Figure IV.7: Test-board setup for the HW/SW prototype. The STM32 (Cortex-M4) runs the
CNN classifier and orchestrates data flow; inputs come either from a PC (replaying the
dataset) or from a live sensor (dashed path). A lightweight SPI-like link connects the MCU to
the Artix-7 FPGA, which hosts the autoencoder accelerator. Classification results are returned
to the host as the system output. Extracted from (Vitolo et al., 2022a)

interface.
As data source we use either (i) a PC, which stores and streams the test dataset,

or (ii) a sensor front end such as the X-NUCLEO-IKS01A1 shield equipped with the
LSM6DS0 IMU.

In addition to the FPGA prototype, we report ASIC synthesis results targeting
TSMC 130 nm, 90 nm and 65 nm CMOS standard–cell technologies using the Ca-
dence toolchain, in order to assess the in-sensor integration cost relative to the other
logic typically co-packaged with MEMS sensor circuitry.

IV.6.1 FPGA Implementation Results and Comparison

TablesIV.4 report the details of the FPGA implementations of our design and com-
pare them against two recent related works (Tsukada et al., 2020; Belabed et al., 2020).
Because the performance of these systems is ultimately governed by a three–way
trade–off—(i) the ability to sustain high sensor output–data rates (ODR), (ii) power
consumption, and (iii) mapped physical resources—we introduce a simple Figure
of Merit (FoM) to enable direct comparisons. The ODR–on–Power–and–Resources
(OPR) is defined as

OPR =
ODR

Tot.Power× Resources
, (IV.4)

where ODR is the real-time ODR supported by the implementation; Tot. Power is
the total power at that ODR; and Resources denotes the physical resources used by
the design—e.g., LUTs/FFs/BRAMs/DSPs for FPGA mappings or occupied area for
ASICs.

Figure IV.8 plots the OPR of our design as a function of the ODR up to the
maximum ODR supported by the prototype; the inset highlights the region around
ODR = 1 kHz to facilitate a like-for-like comparison with (Tsukada et al., 2020;
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Table IV.4: FPGA Results and Comparison. Extracted from (Vitolo et al., 2022a)

Belabed et al.
(2020)

Tsukada et al.
(2020)

Proposed AE

HW Classifier Yes No No
Accuracy [%] – – 99.61
AUC – 0.952 0.99
HW platform Zynq 7020 Zynq 7020 Artix 7
Freq. [MHz] 100 100 45
ODR @ Freq
[kHz]

1.16 1 365

Dyn. Power
[µW/MHz]

22360 – 333

Total Power @
ODR [W]

2.4 3.1 0.122

# of LUTs 38840 13725 2449
# of LUTRAMs 1916 – 211
# of FFs 43630 12342 2319
# of BRAMs 28 155 0
# of DSPs 46 72 0
OPR [Hz/W] 0.0059 0.0123 1.96

Belabed et al., 2020). Our AE achieves an AUC of 0.99, which is higher than the
single accuracy metric reported by (Tsukada et al., 2020; Belabed et al., 2020). The
curve in Fig. IV.8 shows the advantage of our approach: the implementation uses only

Figure IV.8: OPR (Eq. IV.4) of the proposed AE versus sensor ODR. The inset zooms the
∼1 kHz region and compares against prior FPGA designs: Tsukada et al. (2020) (1 kHz,
P = 3.1W) and Belabed et al. (2020) (1.16 kHz, P = 2.4W). At 1 kHz our design (total
P = 0.107W) achieves orders-of-magnitude higher OPR. Extracted from (Vitolo et al., 2022a)
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Table IV.5: Comparison with Xilinx DPU (Lei et al., 2020). Extracted from (Vitolo et al.,
2022a)

DPU core (B512) Proposed AE

Power [W] 5.718 0.122
# of LUTs 36458 2449
# of FFs 41744 2319
# of BRAMs 77.5 0
# of DSPs 124 0

2449 LUTs and 2319 FFs and deliberately avoids DSPs and BRAMs to keep the re-
sults as platform-independent as possible, yet it sustains a maximum sensor ODR
of 365 kHz. Although our clock frequency (45 MHz) is lower than that of compet-
ing designs, the achievable ODR is more than two orders of magnitude higher than
the counterparts. Such a high ODR enables demanding PdM scenarios that require
real-time monitoring of high-speed mechanical parts (e.g., drills and cutters), and it
is compatible with ultrasonic MEMS sensing (STMicroelectronics, 2020; Murphy,
2025) for applications such as pressure-leak detection, bearing condition monitoring,
gear-mesh analysis, and pump-cavitation monitoring. Moreover, if the operating fre-
quency is reduced to set the ODR to 1 kHz—i.e., matching the conditions of the alter-
natives in Table IV—the total power of our solution becomes 107 mW, which remains
significantly lower than the competing designs.

A different comparison can be drawn against FPGA Application Processing Units
(APUs) such as the Xilinx Deep Learning Processing Unit (DPU) (Lei et al., 2020),
which accelerates high-performance CNNs (e.g., GoogLeNet, ResNet, MobileNet)
on Zynq SoCs. The DPU IP allows certain reductions—e.g., fewer DSP slices, less
block RAM/UltraRAM, fewer cores, or smaller convolution engines—to meet spe-

Figure IV.9: FPGA breakdown of the proposed AE (Xilinx Artix-7, 45 MHz). Extracted from
(Vitolo et al., 2022a)
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Table IV.6: Standard-cells synthesis comparisons. Extracted from (Vitolo et al., 2022a)

Proposed AE S. K.
Bose
et al.
(2020)]

130 nm
HVT

90 nm
LP
HVT

65 nm
GP

65 nm
LP
HVT

65 nm

Acc [%] – – – – –
Max Freq.
[MHz]

100 150 250 200 –

Max Sensor
ODR [MHz]

0.81 1.21 2 1.63 –

Dyn. Power
[µW/MHz]

599 210 120 138 –

Total Power
@
ODR=20 kHz
[µW]

1474 519 1512 341 744/
12∗

Area [mm2] 3.54 1.30 0.51 0.49 0.57
OPR @
ODR=20 kHz
[Hz/(µW·mm2)]

3.83 29.64 1.55 1.20 47.16/
2924∗

∗Active phase / inactive phase.

cific constraints. Nevertheless, even the smallest convolution configuration, B512,
requires 36,458 LUTs, 41,744 FFs, 77.5 BRAMs, and 124 DSPs, with a power of
5.718 W on an UltraScale+ ZCU102 (Table IV.5). In addition, one must provision the
APU with program memory and handle interrupts, data transfers, and storage of in-
put/temporary/output buffers, resulting in an overall resource demand far greater than
in our project.

Finally, Fig. IV.9 breaks down the FPGA implementation of the AE in terms of
utilization and power. Approximately 56% of the mapped LUTs and 43% of the
power are consumed by the Processing Elements (PEs) and Control Units (CUs) of
the encoder and decoder. About 89% of the FFs are occupied by the FIFOs, whose
count is the true limiting factor of the proposed architecture.

IV.6.2 ASIC Synthesis Results and Comparison

Table IV.6 summarizes standard–cell synthesis results for 130 nm (the node com-
monly used for commercial MEMS-sensor ASICs), 90 nm, and 65 nm CMOS tech-
nologies. For the 130 nm and 90 nm cases, as well as for one 65 nm flavor, we em-
ployed High-Voltage-Threshold (HVT) cell libraries because their much lower leak-
age is critical at low operating frequencies (Antonio De Vita et al., 2020). For ease
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of comparison, a 65 nm General-Purpose (GP) library has also been included. Us-
ing Cadence Joules with SAIF activity, HVT libraries reduce leakage power by about
77% relative to GP, at the expense of a maximum frequency decrease of roughly 10%.
The resulting maximum operating frequencies (100–250 MHz) correspond to sensor
ODRs in the MHz range, which— although higher than required in our current ap-
plication—provide an indication of the scalability margin of the proposed accelerator
with future sensor technology.

Table IV.6 also reports the total power when the ODR is set to 20 kHz, which maps
to an AE operating frequency of 2.46 MHz. Note the significant contribution of static
power at 65 nm when using the GP library, due to leakage, compared with the HVT
counterpart.

A direct comparison with prior art is non-trivial: only a few works target low-
power, integrated AE-based PdM, and many papers omit full implementation figures.
From the literature, we consider ADEPOS (S. K. Bose et al., 2020; Kar et al., 2020),
one of the few designs implemented in 65 nm CMOS. Although not strictly an apples-
to-apples comparison, ADEPOS reduces power from a maximum of 744 µW to a
12 µW standby level by fully activating only after an anomaly is detected, dynamically
increasing complexity and accuracy for about 1% of the device lifetime (based on the
dataset in (Xilinx, 2018; NASA Prognostics Data Repository 2025) and an ODR of
20 kHz). Under those conditions, ADEPOS achieves OPR = 47.16 HzW−1 mm−2

(and 2924 in the inactive phase).
By contrast, our design operates at a constant high-accuracy level—more appro-

priate for PdM where early, weak anomalies must be detected—with a total power
of 341 µW at 20 kHz ODR and an occupied area of 0.49 mm2, yielding OPR =
120 HzW−1 mm−2. To the best of our knowledge, these results advanced the state of
the art for this class of systems.

These results demonstrate that pushing feature extraction and anomaly detection
into the sensor is a practical and energy-efficient path to robust PdM at the deep edge.

Future work will explore (i) multi-sensor fusion (e.g., inertial, acoustic/ultrasonic)
to improve sensitivity under varying operating regimes; (ii) robustness to domain shift
via self-/continual learning and adaptive thresholding in the field; (iii) further com-
pression (selective binarization/pruning) and architectural co-design for newer tech-
nology nodes; and (iv) extending the pipeline to fault-severity estimation and remain-
ing useful life (RUL) prediction while preserving the in-sensor energy envelope.

IV.6.3 Discussion on Architectural Partitioning

The proposed system adopts a hybrid partitioning, with an always-on AE operat-
ing close to the sensing interface and a higher-level classifier (CNN Head) activated
only on demand. This choice is motivated by the results above, which show that early
anomaly detection reduces continuous data streaming and enables event-driven acti-
vation of downstream processing.

A natural alternative would be to run the AE on the MCU. While feasible in prin-
ciple, this option would typically require keeping the MCU active continuously to
sustain always-on monitoring, reducing the effectiveness of deep-sleep operation and
increasing average energy consumption at the sensing node. In distributed Industrial-
IoT deployments, where many sensing points must be installed and maintained, aver-
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age node power and duty-cycling capability remain key scalability drivers.
Another alternative would be to map both the AE and the CNN Head onto an

FPGA. This could further reduce external communication, but it generally trades in-
creased static power and cost for implementation flexibility and prototyping conve-
nience. Moreover, executing the full pipeline continuously at the sensor node is not
always necessary: keeping only the compact AE always active and triggering the clas-
sifier sporadically better matches the event-driven nature of predictive-maintenance
monitoring and the constraints-first objectives of this thesis. Additionally, in this
work, the FPGA option is primarily relevant as a prototyping vehicle rather than as
a target for sensor-integrable deployments.

Finally, a full custom-ASIC implementation of both the AE and the CNN Head
is also possible in principle. However, executing the entire pipeline always-on at the
sensor node is not always necessary: the classifier is only required sporadically, once
an anomaly has been detected. Integrating the CNN Head together with the always-
on AE would increase silicon area and power budgets to support a function that is
intrinsically event-driven and infrequently invoked. In this sense, the marginal benefit
of moving the full classifier on-chip would not justify the additional hardware cost for
the targeted monitoring regime.

Moreover, keeping the CNN Head outside a fixed-function ASIC preserves sys-
tem flexibility: in real deployments, the set of fault classes and diagnostic require-
ments may evolve over time (e.g., adding new fault categories, changing the label
set, or refining decision thresholds). Implementing the classifier in software (or on a
reconfigurable platform) facilitates updates and re-training without redesigning sili-
con, while the always-on AE can remain a compact, stable front-end for event-driven
anomaly detection.

Overall, the adopted partitioning represents a system-level trade-off that prioritizes
minimal always-on computation near the sensor, reduced data movement, and scalable
deployability, while preserving flexibility for the higher-level classifier.
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Case 3: Neural Compensation of

Thermal Stress in MEMS Pressure
Sensors

V.1 Publications Associated with This Chapter

The case study presented in this chapter builds upon peer–reviewed publications
produced during the PhD’s broader research on calibration systems for MEMS pres-
sure sensors, conducted in collaboration with STMicroelectronics.

This research led to two journal papers and six conference proceedings. Readers
may refer to the following for further details.

V.1.1 Journal Articles

• Paola Vitolo et al. (2025). “Real-time neural network-based thermal stress com-
pensation for pressure sensors in precision localization systems”. In: Micropro-
cessors and Microsystems 117, p. 105183. ISSN: 0141-9331. DOI: https:
//doi.org/10.1016/j.micpro.2025.105183

• Danilo Pau et al. (2023). “Tiny Machine Learning Zoo for Long-Term Com-
pensation of Pressure Sensor Drifts”. In: Electronics 12, 4819.23. ISSN: 2079-
9292. DOI: 10.3390/electronics12234819

V.1.2 Conference Proceedings

• Paola Vitolo et al. (2024a). “In-Sensor System for Real-Time Compensation
of Thermal Drift in MEMS Pressure Sensors”. In: Proceedings of SIE 2023.
Ed. by Carmine Ciofi and Ernesto Limiti. Cham: Springer Nature Switzerland,
pp. 186–191. ISBN: 978-3-031-48711-8

• Paola Vitolo et al. (2024b). “In-Sensor Self-Calibration Circuit of MEMS Pres-
sure Sensors for Accurate Localization”. In: 2024 27th Euromicro Conference
on Digital System Design (DSD), pp. 582–587. DOI: 10.1109/DSD64264.
2024.00083
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• Paola Vitolo et al. (2023d). “Tiny compensation of pressure drift measurements
due to long exposures to high temperatures”. In: 2023 IEEE International In-
strumentation and Measurement Technology Conference (I2MTC), pp. 01–05.
DOI: 10.1109/I2MTC53148.2023.10175998

• Gian Domenico Licciardo et al. (2023). “Ultra-Tiny Neural Network for Com-
pensation of Post-soldering Thermal Drift in MEMS Pressure Sensors”. In:
2023 IEEE International Symposium on Circuits and Systems (ISCAS), pp. 1–5.
DOI: 10.1109/ISCAS46773.2023.10181480

• Danilo Pietro Pau et al. (2024b). “Ultra Tiny Neural Network for Accurate
Pressure Sensors Under Multiple Thermal Stresses”. In: 2024 IEEE 8th Fo-
rum on Research and Technologies for Society and Industry Innovation (RTSI),
pp. 607–612. DOI: 10.1109/RTSI61910.2024.10761275

• Danilo Pietro Pau et al. (2024a). “Ultra-Tiny Quantized Neural Networks for
Piezo Pressure Sensors”. In: 2024 Smart Systems Integration Conference and
Exhibition (SSI), pp. 1–8. DOI: 10.1109/SSI63222.2024.10740508

V.2 Introduction

In recent decades, MEMS pressure sensors have undergone a remarkable evo-
lution in terms of accuracy, integration, and application versatility. Their compact
size, low power consumption, and relatively low cost have established them as a key
enabling technology across diverse domains, including consumer electronics, auto-
motive systems, biomedical monitoring, and industrial automation (Varshney et al.,
2021; Rosário and Dias, 2023). With the increasing demand for pervasive sensing in
smart environments, pressure sensors are now frequently integrated into portable and
wearable platforms, where continuous monitoring and real-time data acquisition are
essential requirements.

A particularly promising field of application is personal localization and emer-
gency response. MEMS pressure sensors can extract altitude information from precise
measurements of atmospheric pressure, enabling the detection of floor levels within
buildings, the localization of individuals during evacuation procedures, and assisted
navigation for elderly or mobility-impaired users. However, these applications require
long-term measurement stability and reliability, which remain a major challenge for
MEMS pressure sensors.

Indeed, thermal stresses, which can arise, for example, from reflow soldering pro-
cesses or prolonged exposure to elevated temperatures, induce residual mechanical
strain in the sensor membrane. This strain manifests as drifts in pressure output, typ-
ically non-linear and persistent even after environmental conditions have returned to
nominal values (Martı́nez Lahoz et al., 2023; Tran et al., 2019; G. Zhou et al., 2014;
Rivera et al., 2007). Such effects undermine the sensor’s long-term accuracy, making
frequent recalibration necessary throughout its operational lifetime.

Conventional compensation strategies, including one-point or polynomial-based
calibration, are attractive for their simplicity but prove inadequate under non-linear or
time-varying stress conditions. Moreover, they often rely on external reference mea-
surements or require repeated recalibration steps, which are impractical when sensors
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are integrated within complex systems or deployed in inaccessible environments.
To overcome these limitations, recent research has turned to Machine Learning

(ML) and Neural Network (NN)-based methods for drift compensation (Najar, 2019;
Chang et al., 2020). Thanks to their ability to model highly non-linear relationships,
NNs offer a powerful alternative, as also demonstrated by the universal approxima-
tion theorem (Kouritzin and Richard, 2024). Several approaches have been proposed,
ranging from Extreme Learning Machines (ELMs) (M. Zou et al., 2023), to recurrent
NNs (Guo et al., 2023), and Radial Basis Function (RBF) networks optimized via
quantum algorithms (Xie et al., 2023). While these techniques significantly improve
accuracy when drift and stress occur simultaneously, they generally fail to address
long-lasting drifts that persist after the stress has ceased. In addition, their compu-
tational and memory demands hinder direct deployment in the resource-constrained
environment of MEMS sensors.

In this context, we introduced the Artificial Intelligence-based Reconfigurable
Self-Calibration Unit (AI-ReSCU), a novel real-time compensation architecture specif-
ically designed for MEMS pressure sensors (Vitolo et al., 2025). The proposed unit
combines a trigger module, responsible for detecting deviations from nominal ac-
curacy, with a compact hardware-implemented NN that estimates and corrects drift
errors. The design operates autonomously, without the need for external references
or manual intervention. By leveraging resource sharing and clock gating strategies,
the AI-ReSCU achieves both compactness and energy efficiency, enabling seamless
integration within the sensor circuitry or package.

Experimental results confirm the effectiveness of this approach: the system re-
stores measurement accuracy within ±0.5 hPa, recovering up to 1.6 hPa of error in-
duced by thermal stress, with a compensation latency of approximately 50 samples
in the worst case. The prototype, implemented in STMicroelectronics BCD8 technol-
ogy, occupies only 0.55 mm2 and achieves an ultra-low dynamic power consumption
of 4.46 nW, demonstrating its suitability for next-generation smart MEMS pressure
sensors.

V.3 Related Works

ML and DL techniques have been widely explored for the calibration of pressure
sensors subject to environmental changes, aging, and thermal drift. Despite their ef-
fectiveness, most of these approaches focus on static calibration and fail to account
for the long-term temporal effects of high-temperature exposure, such as the persis-
tent drift observed after soldering processes.

Extreme Learning Machines (ELMs) have emerged as promising candidates for
compensating thermal drift in piezoresistive pressure sensors. Reported results show
significant accuracy improvements, with temperature coefficients reduced from 2.57%FS
to 0.13%FS in the range [−40, 85] ◦C (G. Zhou et al., 2014). ELMs are also attrac-
tive due to their short training times, which make them suitable for batch calibration.
However, their dependency on high-resource external platforms limits their applica-
bility in low-power embedded systems (G. Zhou et al., 2014). An alternative ELM-
based method that exploited non-target parameters, such as temperature and voltage,
achieved a mean squared error (MSE) of 0.338 with training times as low as 1.35 s,
outperforming both traditional NNs and Support Vector Machines (SVMs) (Chang et
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Figure V.1: Block diagram of the proposed AI-based Reconfigurable Self-Calibration Unit
(AI-ReSCU). The architecture integrates the Reconfigurable Calibration Trigger (ReCT),
which monitors input signals to detect accuracy drift, and the Reconfigurable Neural Error
Evaluator (ReNEE), which computes the correction factor to restore the calibrated pressure
output. Extracted from (Vitolo et al., 2025)

al., 2020).
For capacitive pressure sensors (CPS), innovative electrical-only calibration strate-

gies have been proposed. These methods reduce testing time by over 85% and achieve
average accuracy of 1.74 hPa across the 600–1100 hPa range, thus improving cost-
effectiveness but without addressing the challenges specific to piezoresistive sensors
(Najar, 2019). Other ANN-based approaches have been validated in harsh environ-
ments, demonstrating full-scale errors within ±1.5% for nonlinear temperature influ-
ences (Patra et al., 2004). More recently, Wavelet Neural Networks (WNNs) have
been proposed for temperature compensation, outperforming backpropagation-based
NNs with root mean squared errors as low as 3.83× 10−3 (R. Wu et al., 2023).

Beyond neural models, other notable contributions include adaptive polynomial
methods and hardware-based solutions. Polynomial-based compensation achieves ac-
curacies within ±0.068%FS while maintaining low hardware complexity (Ali et al.,
2020). On the hardware side, a feedforward neural network (FFNN) implemented in
a CMOS analog ASIC successfully reduced uncompensated full-scale errors from 9%
to 0.1%, using an inverse delayed neuron model (Futane et al., 2010).

To capture the temporal nature of sensor drift, sequential models have also been
investigated. Long Short-Term Memory (LSTM) networks and Gated Recurrent Units
(GRUs) have been applied to model drift evolution over time. For example, an LSTM-
based approach reduced errors in air pressure sensors from 1.4 kPa to 0.55 kPa, though
without improvements in calibration speed (T. Wang et al., 2022). More advanced
architectures, such as the Concatenated GRU with Attention (CGDA) model, have
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also been proposed, achieving prediction accuracies exceeding 93% in environmental
sensors over daily sequences (Chaudhuri et al., 2021).

In summary, while these methods mark significant progress, they fall short in ad-
dressing the combined challenges of non-linear temporal drift, ultra-low power con-
sumption, and hardware integration constraints. These limitations underscore the need
for compact, reconfigurable, and energy-efficient solutions specifically designed for
real-time, long-term correction of sensor drift in MEMS devices.

V.4 AI-ReSCU: AI-based Reconfigurable Self-Calibration Unit

The proposed AI-ReSCU is designed to autonomously compensate for accuracy
drifts in MEMS pressure sensors induced by temporal thermal stress. As depicted in
Fig. V.1, the system is organized around two key modules: the Reconfigurable Cali-
bration Trigger (ReCT) and the Reconfigurable Neural Error Evaluator (ReNEE).

The ReCT module continuously monitors the sensor’s input signals, namely, the
temperature T (nTs), the pressure P (nTs), and their temporal variations ∆T (nTs)
and ∆P (nTs). These signals are sampled at discrete instants nTs, where Ts is the
reciprocal of the sensor’s ODR. By evaluating whether the input signals, alone or in
combination, exceed configurable thresholds, the ReCT determines when recalibration
is required and, if necessary, activates the compensation process. All trigger configu-
rations are listed in Table V.1. These modes are selectable via dedicated configuration
signals, which also allow the tuning of threshold values. To ensure robustness against
noise and spurious variations, an adjustable delay mechanism prevents false triggers.

The ReNEE module is responsible for computing the correction factor needed to
restore sensor accuracy. It relies on a compact Neural Network (NN), which processes
the temporal variations ∆T (mTs) and ∆P (mTs) to estimate the error ErrP (mTs)
and generate the corrected pressure output Pout(nTs). Thanks to its reconfigurable
design, the ReNEE can adapt to diverse operating conditions and sensor characteris-
tics.

To reduce computational overhead, the inputs of the ReNEE are downsampled
prior to processing. This is feasible because the dynamics of thermal drift are typi-
cally much slower than the sensor sampling frequency. The downsampling factor is
configurable, thus enabling trade-offs between responsiveness and energy efficiency.
Moreover, the activation period of the ReNEE can be tuned: once the drift returns
within acceptable limits, the module automatically deactivates to minimize power con-

Table V.1: List of Supported Trigger Configurations. Extracted from (Vitolo et al., 2025).

Trigger Configuration Description
00 P >Pmax or T>Tmax or ∆P>∆Pmax or ∆T>∆Tmax
01 (P>Pmax and T>Tmax) or (∆P>∆Pmax and ∆T>∆tmax)
10 ( P>Pmax and ∆P>∆Pmax) or (T>Tmax and ∆T>∆tmax)
11 P>Pmax and T>Tmax and ∆P>∆Pmax and ∆T>∆tmax

∆P=P(nTs)-P(nTs-∆t); ∆T=T(nTs)-T(nTs-∆t);
Pmax, Tmax, ∆Pmax, and ∆Tmax are configurable threshold values;
∆t=configurable delay time; Ts=sampling period.
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Table V.2: List of Supported Neural Network Configurations. Extracted from (Vitolo et al.,
2025).

Neural Network Configuration Description
Layer type 1D Convolutional or Fully Connected

Numbers of Hidden Layers [1:8]
Number of Neurons per Layer [1:20]

Activation Function Linear or ReLU

sumption.
Finally, the AI-ReSCU supports multiple neural network configurations, as sum-

marized in Table V.2. The NN can be customized in terms of:

• number of hidden layers (1–8),

• number of neurons per layer (1–20),

• layer type (Fully Connected or 1D Convolutional),

• activation function (Linear or ReLU, defined in Eq. V.1).

ReLU(x) =

{︄
0 for x < 0

x for x ≥ 0
(V.1)

V.5 AI-ReSCU Hardware Architecture

The hardware design of the proposed AI-ReSCU prioritizes ultra-low power con-
sumption and minimal silicon area to meet the stringent constraints of in-sensor com-
puting, the need to integrate extra logic within the sensor readout chain under sub-
mm2 area budgets, µW–mW average-power envelopes for (quasi) always-on opera-
tion, and very limited on-chip memory, while minimizing data movement and avoid-
ing self-heating effects that could degrade sensor performance. hese constraints en-
sure that the footprint and power dissipation of the unit remain compatible with the
circuitry already integrated within MEMS pressure sensors.

To optimize resource usage while preserving real-time operation, the AI-ReSCU
adopts an iterative, highly resource-shared microarchitecture, following the strategy
in (vitolȯtcas2; 2021̇icecṡvitolo). Although iterative reuse slightly increases pro-
cessing latency, it remains fully compatible with typical sensor Output Data Rates
(ODR) of 1–200 Hz (i.e., sampling periods down to 5 ms). Power efficiency is further
enhanced through aggressive clock gating, which disables inactive modules across the
inference cycle.

Figure V.2 shows the top-level hardware organization. The architecture instanti-
ates the ReCT and the ReNEE, mirroring the conceptual scheme of Fig. V.1. A bank
of registers stores temporal samples and configuration parameters (e.g., thresholds,
downsampling factor, compensation interval/period, and NN hyperparameters), while
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Figure V.2: Hardware architecture of the AI-ReSCU. Inputs include configurable thresholds
(Pmax, Tmax, ∆Pmax, ∆Tmax) and configuration signals (trigger mode, delay times,
downsampling factor, compensation interval/period, and NN hyperparameters). An FSM
coordinates ReCT and ReNEE and controls clock gating for ultra-low-power operation.
Extracted from (Vitolo et al., 2025).

a Finite-State Machine (FSM) orchestrates dataflow, module activation, and clock gat-
ing. A lightweight configuration interface (e.g., SPI) loads network parameters and
runtime settings at startup.

The ReCT module (Fig. V.3) continuously monitors P (nTs), T (nTs) and their
temporal variations ∆P (nTs), ∆T (nTs) to detect uncalibrated conditions. A 4-input
selection network implements the trigger modes in Table V.1. To mitigate false pos-
itives caused by noise or transients, ReCT embeds a configurable delay/hysteresis
stage. When a drift condition is asserted, ReCT awakens ReNEE for compensation;
otherwise, only the ultra-light ReCT remains active.

The configurable delay/hysteresis stage can be interpreted as a delay-based de-
bouncing mechanism that stabilizes the trigger decision in the presence of sensor
noise, quantization effects, and short transients. In practice, a threshold-crossing event
does not immediately activate the compensation pipeline: the drift condition must per-
sist for a programmable delay interval before being confirmed. Symmetrically, once
the drift flag is asserted, the trigger is released only after the monitored quantities re-
turn within a safe region for a sufficient persistence interval, thereby introducing hys-
teresis and preventing rapid toggling (chattering) around the decision thresholds. This
mechanism reduces spurious activations of ReNEE and improves both robustness and
energy efficiency, since the heavier NN-based compensation is executed only when a
drift condition is stable rather than momentary.

The delay interval is configurable (Table V.1), allowing the debouncing aggres-
siveness to be tuned to the expected sensor dynamics and noise level.

The ReNEE module executes the neural error estimator with a single reusable
Processing Element (PE), which iteratively performs all MAC operations across lay-
ers. This maximizes resource sharing and minimizes memory. The PE features a
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Figure V.3: Block diagram of the ReCT trigger module. A configurable multi-input
comparator evaluates the trigger modes of Table V.1 on P , T , ∆P , ∆T , with programmable
thresholds and delay-based debouncing. Extracted from (Vitolo et al., 2025).

three-level adder tree operating in fixed-point 24-bit (12.12) precision to guarantee
numerical stability.

To further reduce memory and arithmetic complexity, the NN adopts partial quan-
tization (2021̇icecṡvitolo; Antonio De Vita et al., 2020; Vitolo et al., 2022a; Vitolo et
al., 2023b): all weights are binarized to {−1,+1} (1 bit), while activations are kept at
24 bits. Under this regime, MACs collapse to signed add/sub operations, eliminating
multipliers and yielding substantial savings in both area and dynamic power.

Because thermal drift evolves slowly relative to the ODR, the ReNEE input stream
is downsampled by a configurable factor prior to inference. This reduces compute
and allows duty cycling of the NN engine. The current error estimate is written to
a dedicated register and applied to compute the corrected pressure Pout(nTs). After
each inference, ReNEE is gated off and remains idle for a programmable compensa-
tion interval. This process repeats for a configurable compensation period; when the
drift falls back within nominal thresholds, ReNEE remains off until ReCT re-triggers
compensation.

Overall, the combination of (i) always-on lightweight triggering, (ii) iterative single-
PE inference, (iii) binarized weights with fixed-point activations, (iv) aggressive clock
gating, and (v) input downsampling enables real-time operation within the nanowatt
power envelope and sub-mm2 area typical of in-sensor deployments.

V.6 Case Studies and Dataset Preparation

The performance of the proposed AI-ReSCU was validated on two experimen-
tal case studies using pressure and temperature data acquired from ST piezoresistive
MEMS pressure sensors:

• Reflow soldering: the sensors were stressed according to the time–temperature
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profile specified by the IPC/JEDEC J-STD-020C standard (IPC/JEDEC, 2004);

• High-temperature exposure: the sensors were maintained at 100 ◦C for two
hours, beyond their nominal operating range.

These scenarios were selected to cover contrasting conditions. Reflow soldering
induces short but intense thermal cycles, with peaks up to 260 ◦C lasting 10–40 s
(IPC/JEDEC, 2004). Conversely, the high-temperature exposure applies a lower tem-
perature for a prolonged period (two hours at 100 ◦C).

All experiments used the LPS22HH, an ST MEMS pressure sensor designed as a
digital barometer (STMicroelectronics, 2019). The device measures absolute pressure
in the 260–1260 hPa range and operates from −40 to 85 ◦C. The embedded tempera-
ture and pressure outputs feature 24-bit and 16-bit resolutions, respectively.

Data were collected at the ST MEMS Sensor Characterization and Measurement
Laboratory. The reflow-soldering campaign involved 80 LPS22HH units, whereas the
high-temperature exposure involved 6 units. Accuracy was computed by comparing
stressed devices against an unstressed reference sensor.

As illustrated in Fig. V.4 and Fig. V.5, thermal stress produces a long-lasting accu-
racy drift that persists over several days. In the high-temperature case, the variability
is markedly higher and the dataset clusters into three distinct curve families (Fig. V.5);
the maximum standard deviation reaches 49.92 Pa, more than twice that observed in
the soldering scenario.

For neural-network training, datasets were obtained by selecting samples within
±2.5σ from the experimental distributions. Specifically, we generated 100 time–
pressure curves for the soldering scenario and 100 curves for each of the three classes
identified in the high-temperature exposure case.

V.7 Compensation Results

An extensive model ablation study related to the two case studies was previously
reported in (D. Pau et al., 2023). In that work, 53 different Machine Learning (ML)
and Deep Learning (DL) models were developed and analyzed, including Tempo-
ral Convolutional Networks (TCN), Recurrent Neural Networks (RNN), Long Short-
Term Memory (LSTM) networks, Gated Recurrent Units (GRU), Legendre Mem-
ory Units (LMU), Random Forest Regressors (RFR), and Support Vector Regressors
(SVR).

Among the explored solutions, the Neural Network (NN) architecture that offered
the best trade-off between model complexity and accuracy consists of four layers:

• one fully connected layer with 9 neurons;

• two 1D convolutional layers (kernel size = 3, stride = 1, valid padding);

• one fully connected layer with a single neuron, outputting the compensation
term ∆P .

All hidden layers employ the ReLU activation function. Activations are quantized
using a 24-bit fixed-point representation, while weights are binarized to 1 bit.

This compact configuration results in only 101 parameters. The model was de-
signed, quantized, and trained in Python using TensorFlow and QKeras (Abadi et al.,
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Figure V.4: Pressure accuracy for 80 LPS22HH devices subjected to reflow thermal stress
following IPC/JEDEC J-STD-020C (IPC/JEDEC, 2004). Extracted from (Vitolo et al., 2025).

2016; Coelho et al., 2021). The dataset was split into 80% training, 10% validation,
and 10% test sets. Training was performed for 50 epochs using the ADAM optimizer,
with Mean Squared Error (MSE) as the loss function. Both MSE and Mean Absolute
Error (MAE) were employed as evaluation metrics.

Offline evaluation on the test set yielded the following results. In the soldering
scenario, the NN achieved an MSE of 446 Pa and an MAE of 17.8 Pa. In the high-
temperature scenario, three distinct curve classes were identified:

• Class 1: MSE = 0.8 Pa, MAE = 7.3 Pa;

• Class 2: MSE = 3.9 Pa, MAE = 17.9 Pa;

• Class 3: MSE = 1.4 Pa, MAE = 10.3 Pa.

These results confirm that the NN is capable of compensating both offset and non-
linearity errors by learning systematic deviations from nominal behavior. Across all
cases, the proposed unit successfully restored sensor accuracy within ±0.5 hPa. Ac-
curacy improvements reached 76% for the soldering scenario and 35%, 67%, and 91%
for the three classes of the high-temperature exposure scenario, respectively.

A qualitative example is shown in Fig. V.6, which compares the raw drifted signal
of a soldered device with the corrected output obtained from the NN compensation.
The compensated curve closely follows the nominal reference, demonstrating effective
correction of both baseline offsets and nonlinear drift components. This graphical
evidence reinforces the quantitative findings reported above.
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Figure V.5: Pressure accuracy for 6 LPS22HH devices after two hours at 100 ◦C. Extracted
from (Vitolo et al., 2025).

V.8 Hardware Performance

To assess the performance of the AI-ReSCU, we designed a test chip in STMi-
croelectronics BCD8 technology and integrated a Serial Peripheral Interface (SPI)
wrapper for configuration and data loading. A FSM supervises the operating flow dur-
ing evaluation, coordinating startup, parameter loading, and runtime inference with
aggressive clock gating.

Figures V.7, V.8, and V.9 report post-implementation simulations that illustrate
the system behavior across the main operating phases: initialization, configuration
loading, and runtime operation with energy-saving mechanisms.

Figure V.7 shows the overall operational sequence, spanning both startup and run-
time. After power-on/reset, the control FSM initiates the loading of all configuration
data: neural-network weights and thresholds, trigger settings, and compensation pa-
rameters (interval and period). These values are serialized and stored into internal reg-
isters via the SPI interface. Throughout this phase the gated NN clock (NN clk) re-
mains low, ensuring the computational core is idle until inference is required, thereby
minimizing unnecessary energy consumption.

A detailed view of the startup is provided in Fig. V.8, which zooms into the
register-loading activity. The complete initialization requires precisely 3206 system
clock cycles.

Once initialization is complete, the system enters its runtime mode (Fig. V.9). Pres-
sure and temperature samples are acquired periodically at intervals determined by the
sensor Output Data Rate (ODR). The ReNEE module–which embeds the NN infer-
ence engine–is enabled only when a new compensation must be computed. As high-
lighted in the waveform, a full NN inference takes 593 system clock cycles; imme-
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Figure V.6: Compensation results for the soldering scenario. The raw drifted output (red) is
compared against the expected nominal reference (blue) and the corrected signal obtained
through NN-based compensation (green). The proposed method effectively suppresses both
offset and nonlinear drift, restoring nominal sensor accuracy. Extracted from (Vitolo et al.,
2025).

diately after, the NN is clock-gated back to idle. This duty cycling markedly reduces
average power while preserving real-time operation.

The dynamic response (i.e., time to restore acceptable accuracy after an error is
detected) was also evaluated. In the worst case, with ODR = 1 Hz and a 12 Hz system
clock (minimum for real-time execution), a compensation requires 593 clock cycles,
corresponding to ≈49.4 s (593/12) or about 50 input samples between drift detection
and recovery of nominal performance.

The architecture is highly compact thanks to resource sharing and iterative pro-
cessing. The total silicon footprint is 0.55 mm2, with ReNEE accounting for ∼94%
of the area.

Power is dominated by leakage, while dynamic consumption depends on clock
frequency, ODR, and NN activity (clock gating). At VDD = 1.8 V:

• ODR = 1 Hz. When ReNEE is idle, total power is 2.339 µW (dynamic 4.456 nW).
When ReNEE is active, total rises to 2.473 µW (dynamic 8.586 nW). Leakage
accounts for 99.81% (idle) and 99.65% (active).

• ODR = 200 Hz. With ReNEE idle, total power is 2.938 µW (dynamic 0.604 µW).
When active, total is 4.027 µW (dynamic 1.562 µW). Leakage remains predom-
inant: 79.44% (idle) and 61.21% (active).

These results confirm that (i) leakage is the main contributor to total power, and
(ii) the combination of input downsampling and aggressive duty cycling of the NN
engine keeps dynamic power in the nW–µW range across the full ODR span, meeting
the ultra-low-power envelope required for in-sensor integration.
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Figure V.7: Overall behavior of the AI-ReSCU. After startup and parameter loading via SPI
(network parameters, thresholds, trigger configuration, compensation interval/period), the
system enters runtime. Samples arrive every Ts (inverse of ODR); the corrected pressure is
produced at the output. The NN engine is activated only for the time needed to compute the
compensation, then gated off until the next compensation interval elapses.

Figure V.8: Startup waveforms. Initialization and loading of NN parameters, thresholds,
trigger configuration, and compensation timing values occur via SPI. The startup phase
completes in 3206 system clock cycles; during this phase, the NN clock remains gated.
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Figure V.9: Runtime waveforms. Pressure and temperature are sampled every Ts; upon
request, ReNEE performs inference in 593 cycles and is then clock-gated to idle. Duty cycling
of the NN engine minimizes dynamic power while preserving real-time correction.
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Discussion and Perspectives

VI.1 Integration of Contributions

This dissertation investigated how to realize neural processing directly within or
next to sensors under extreme energy and silicon constraints. Across three application
domains—audio front-end for keyword spotting, vibration-based predictive mainte-
nance, and thermal-stress compensation in MEMS pressure sensors—we adopted a
software–hardware co-design methodology that couples model design with tailored
digital hardware accelerators. The results demonstrate that ISC can deliver competi-
tive accuracy with orders-of-magnitude reductions in hardware resources and energy,
provided that networks and hardware are co-constrained from the outset.

The key unifying principles of this dissertation are:

• software–hardware co-design with early constraint propagation and iterative
feedback from synthesis/implementation back to modeling, so the NN is shaped
by area/power/timing limits from the start; constraints-first, iterate, converge.

• resource sharing and serialized compute (single reusable PE + FSM control),
maximizing on-chip reuse of inputs, weights, and partial sums, to fit tiny on-
chip memories and keep leakage low, accepting modest latency when compati-
ble with sensor ODRs.

• custom quantization, including low-bit fixed-point and selective binarization,
applied already during training to improve model accuracy, then implemented
in hardware to minimize memory usage and power;

• event-triggered self-activation and deep sleep of processing blocks, with com-
pute split where appropriate (e.g., an always-on in-sensor stage with an on-
demand MCU head, or partitioned ASIC domains controlled by clock gating
so that functional blocks such as the neural calibration engine are enabled only
when required), allowing compute units to wake autonomously when sensor-
detected conditions demand processing and keeping overall power consumption
to a minimum.

These principles were validated on FPGA and synthesized in CMOS standard-cell
flows, and, when fabrication or full-system prototyping was available, verified in real-
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istic streaming settings, yielding competitive accuracy with orders-of-magnitude sav-
ings in energy and silicon area.

Moreover, applied across the three case studies that differ in application domain,
signal modality, and time constants yet share the same ISC bottleneck, they demon-
strate clear cross-domain portability.

• Audio front-end: a tiny 1D-CNN fuses filtering and decimation (overall R=128
from a 2.048 MHz 1-bit PDM stream to 16 kHz 8-bit PCM), replacing the CIC+FIR
chain; the top-level hardware reuses a single PE across layers under a finite-
state controller, staging weights and partial sums in small on-chip buffers to re-
duce area and power. The design achieves ∼48 dB SNR and ∼89% KWS accu-
racy with a synthesized footprint of ∼0.09 mm2 and ∼128µW/MHz in 130 nm
CMOS.

• Predictive maintenance: a hybrid, event-driven pipeline combines an always-
on, partially binarized in-sensor AE for anomaly detection (99.61% detection)
with an MCU classifier that wakes only on events (up to 94.83% across 9
classes), supporting ODRs up to 365 kHz; the AE prototype shows ∼333µW/MHz
dynamic on FPGA and, in 65 nm, ∼0.49 mm2 and ∼138.6µW/MHz dynamic.

• Thermal compensation for MEMS pressure sensors: the proposed AI-ReSCU
couples a reconfigurable trigger with a compact NN corrector that runs for just
the time required to compute the compensation, after which the engine returns
to deep idle through clock gating, delivering sub-20µs inference while fitting
tight in-sensor budgets ( ∼4.46 nW and ∼0.55 mm2).

Although each case-study chapter reports power, area, and timing results compared
with the state of the art in detail, it is useful to provide a consolidated budget-style sum-
mary that makes the ISC constraints explicit and enables quick comparison. Across
the three case studies, the design targets were defined by tight sensor-integration en-
velopes: a sub-mm2 silicon footprint for the added digital core, sub-mW power for
always-on or quasi-always-on operation, and deterministic real-time execution com-
patible with the sensor output data rate (ODR) or sampling period. Table VI.1 sum-
marizes the achieved operating points and derives a simple energy metric per output
sample, per detector window, or per compensation event using values already reported
in the dedicated chapters.

Table VI.1 highlights three different operating regimes enabled by the same con-
straints-first co-design principles: (i) always-on streaming with deterministic per-
sample budgets (Case 1), (ii) event-driven monitoring where classification is paid
only upon anomalies (Case 2), and (iii) aggressive duty cycling where the neural core
is clock-gated for most of the time and energy is best interpreted per compensation
event (Case 3).

Quantitatively, as for the Case 1, at the target microphone ODR, the proposed
neural PDM-to-PCM converter achieves a sub-mm2 footprint and sub-mW power, en-
abling a derived energy cost on the order of tens of nJ per PCM sample while meeting
the strict real-time output period imposed by the 16 kHz stream. In Case 2, the bud-
get must be interpreted in terms of average energy: the always-on AE dominates the
continuous cost, whereas the CNN head is activated sporadically, so classification en-
ergy is incurred only upon detected anomalies; consequently, the relevant time scale
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is set by the detector window length (and thus by W/ODR), rather than by a fixed
per-sample period. Case 3 represents the most extreme duty-cycled regime: the NN
engine is invoked intermittently and quickly returned to idle through clock gating; in
this setting, the dynamic energy per compensation event is small, while the total en-
ergy can become leakage-dominated at very low ODR, which motivates focusing on
event-level budgeting rather than throughput-centric metrics.

Overall, the table makes explicit how the same design principles—early constraint
propagation, aggressive resource sharing, and activity-aware activation—map to dif-
ferent optimal operating points depending on whether the system is streaming, event-
driven, or intermittently triggered.

The three case studies were selected because they originate from concrete indus-
trial requirements and provide three representative, yet heterogeneous, ISC scenarios
in which an always-on sensing node must extract actionable information under tight
integration constraints. Rather than targeting a single application domain, the thesis
covers different sensor types (microphone, accelerometer, pressure sensor), different
signal time constants (from high-rate streaming to slow thermal dynamics), and differ-
ent application objectives (audio front-end for KWS, vibration-based predictive main-
tenance, and sensor self-calibration). This diversity offered the opportunity to apply
the same constraints-first hardware–software co-design methodology across markedly
different sensing modalities and operating regimes, thereby testing its generality and
transferability. While the selected case studies already span a broad range of prac-
tical smart-sensor needs, future work can extend the validation to additional sensing
domains and applications as new industrial requirements arise.

In addition to the three application-driven ISC case studies, this thesis reports
an exploratory investigation on AI-assisted hardware development using Large Lan-
guage Models (LLMs). The goal is to address a key bottleneck of the proposed
methodology—the high degree of hardware customization—by targeting one of its
most time-consuming and expertise-intensive stages: the development of synthesiz-
able HDL modules and their verification environments. This study is not intended to
introduce a fourth ISC case study, but to evaluate whether LLMs can act as produc-
tivity aids for drafting HDL and verification artifacts under designer supervision and
rigorous validation.

From the perspective of the constraints-first co-design methodology proposed in
Chapter II, AI-assisted approaches can be integrated as supporting tools at multiple
points in the flow. For example, starting from explicit requirements and a fixed, quan-
tized model specification, LLMs can help generate RTL skeletons consistent with a
given micro-architecture, produce testbench templates and assertions, assist docu-
mentation, and accelerate iterative refinement by summarizing synthesis and simu-
lation feedback. Importantly, correctness and deployability must remain guaranteed
by conventional design practices: functional verification against a reference model,
timing/power closure through EDA tools, and reproducibility through transparent au-
diting of prompts and design iterations.

Overall, this study suggests that LLMs can support selected non-recurring engi-
neering tasks in the hardware-development workflow (e.g., HDL design and verifi-
cation artifacts), provided that correctness and deployability remain guaranteed by
constraint-driven design choices and rigorous verification.
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VI.2 Limitations and Open Challenges

While the results across audio, vibration, and pressure sensing are promising, sev-
eral limitations emerged that outline where in-sensor computing must mature before
broad adoption. First, robustness and transferability remain challenging once systems
leave curated datasets and controlled labs. Variations in enclosures, mounting, temper-
ature histories, and manufacturing tolerances can shift data distributions and degrade
performance; yet, field retraining is constrained by tight energy, memory, and time
budgets. This calls for carefully designed calibration policies, lightweight on-device
adaptation, and data-collection campaigns that truly span the operational envelope.

A second limitation concerns the maturity of end-to-end toolchains. Despite ad-
vances in quantization-aware training and integer-only flows, moving from high-level
models to consistent, synthesizable RTL still requires bespoke glue: operator substi-
tutions, fixed-point range alignment, memory mapping, and deterministic test-vector
generation. Numeric mismatches between software models and hardware (e.g., satu-
ration, rounding, overflow) can surface late in the flow, and there is no widely adopted
intermediate representation that carries fixed-point semantics, memory plans, and con-
trol protocols across ML and EDA stacks.

Scalability is another open issue. The designs intentionally favor serialized, resource-
shared compute to minimize area and leakage, but higher-ODR sensors or arrayed
modalities will demand selective parallelism and deeper buffering. That, in turn,
stresses interconnects and memory budgets and can erode energy proportionality if not
paired with hierarchical clock/voltage domains and precise wake-up policies. More-
over, technology choices involve trade-offs between leakage and maximum frequency
that must be revisited per application and node.

In this thesis, AI-assisted RTL generation is discussed as an exploratory, comple-
mentary direction (reported separately from the three ISC case studies) of the proposed
methodology. When generative AI assists RTL creation, verification becomes the bot-
tleneck rather than coding. LLMs accelerate scaffolding and documentation, but they
do not guarantee correctness or coverage. Safety at scale requires property-driven
design, constrained-random verification, and systematic equivalence checks between
quantized models and netlists, alongside security reviews for unintended behaviors
at interfaces. Overall, these challenges point to a coordinated agenda that couples
data-centric design with standardized tooling and rigorous verification, so that tiny,
energy-proportional intelligence at the sensor can be deployed with confidence.

VI.3 Future Directions

Building on the three case studies, several directions can further mature in-sensor
computing toward robust, scalable deployments. First, a data-centric agenda is es-
sential: datasets should reflect the full operating envelope of each sensor (enclosures,
mounting, temperature/humidity cycles, aging), with targeted augmentation for rare
events and long-tail conditions. Lightweight telemetry hooks and shift detectors em-
bedded at the edge can flag distribution drift, triggering safe re-calibration or model
refresh. Where privacy or bandwidth is constrained, federated or on-device strategies
for collecting statistics and updating calibration parameters can maintain performance
without exporting raw data.
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At the architectural level, future designs should generalize the resource-shared
micro-architectures introduced here to higher-ODR and arrayed modalities. Selec-
tive parallelism, deeper but carefully banked buffers, and hierarchical clock/voltage
domains can preserve energy proportionality while meeting tighter latency targets.
Multi-rate pipelines and event-coded representations (e.g., sparse updates, anomaly-
driven bursts) can further amortize data movement. Extending the audio front-end to
small microphone arrays with streaming beamforming, scaling vibration monitoring
to multi-axis or multi-sensor nodes, and broadening pressure-sensor compensation to
coupled environmental variables (e.g., humidity) are concrete steps in this direction.

Mixed-signal and in-memory opportunities deserve systematic exploration. Charge-
or time-domain primitives can implement ultra-low-energy pre-filtering or encoding
ahead of the tiny digital correctors demonstrated here. Embedded non-volatile mem-
ories (FRAM/MRAM/ReRAM) offer near-zero standby leakage for parameters and,
where variability and endurance permit, limited in-memory MAC for selected layers.
Co-designing these elements with robust digital fallbacks and self-check calibration
loops can hedge against device non-idealities.

For adaptation in the field, on-device learning must be pursued under strict, au-
ditable budgets. Bounded-cost optimizers, sparse or episodic updates scheduled by
well-defined triggers, and rollback-safe mechanisms (A/B parameter banks, check-
summed snapshots) can deliver slow drift compensation without compromising avail-
ability. Integer-only fine-tuning paths and quantization-preserving updates will keep
the learning loop consistent with the deployed hardware.

Tooling and verification should converge toward standardized interfaces that carry
fixed-point semantics, memory plans, and I/O protocols from ML frameworks to RTL
and EDA. Golden-reference generators that emit deterministic test vectors, property
libraries for saturation/overflow and latency contracts, and coverage metrics tailored
to streaming dataflows will reduce late-stage mismatches. Security and resilience also
warrant attention: fault injection, adversarial anomaly scenarios, and interface fuzzing
should be part of the acceptance gate for safety-critical nodes.

Finally, AI-in-the-loop EDA can evolve from ad-hoc prompting to instrumented
assistance. Within the constraints-first flow of Chapter II, such assistance would nat-
urally operate after requirements and numerical formats are fixed, supporting RTL
drafting and verification generation while preserving constraint-driven acceptance cri-
teria. Beyond scaffolding modules and testbenches, language models can propose as-
sertions from interface contracts, summarize synthesis and timing logs into actionable
micro-architecture hints, and auto-generate scenario-driven regression suites. Equally
important is auditability: prompt/version tracking, rationale extraction, and structured
reviews are needed to understand and validate LLM-generated choices before inte-
gration into safety- or reliability-critical hardware flows. Guardrails—linting, formal
checks, and human sign-off—remain central, but with these in place, AI assistance
can shorten the concept-to-prototype path and broaden access to deployable, energy-
proportional intelligence at the sensor edge.
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Conclusions

This dissertation has demonstrated that neural network inference can be achieved
within or alongside sensors under extreme resource constraints by adopting a rigor-
ous hardware–software co-design approach. The research addressed the challenge
of in-sensor computing by jointly optimizing tiny neural models and custom digital
accelerators, ensuring that even under millimeter-scale silicon areas and microwatt
power budgets, data-driven intelligence can reside at the edge. Through three collab-
orative case studies with STMicroelectronics, the feasibility and benefits of this ap-
proach were validated across diverse sensing domains, highlighting both the technical
innovations and the broader implications for next-generation smart sensing systems.

In the first case study, a keyword spotting (KWS) application for digital MEMS
microphones, the traditional multi-stage PDM-to-PCM filtering chain was replaced
with a compact neural network. This neural front-end performed on-sensor audio
decimation and feature extraction, enabling an integrated always-on KWS system
that achieves competitive accuracy with 48 dB SNR and 89% classification accuracy
while adding minimal overhead (approximately 0.09 mm2 of silicon and consuming
only 128 µW/MHz in 130 nm CMOS). The second case study tackled vibration-based
predictive maintenance, combining anomaly detection and classification in a two-tier
architecture. A partially binarized autoencoder continuously monitors accelerome-
ter data for anomalies, and upon detection, activates a lightweight CNN to classify
the fault. This event-driven scheme maintains high diagnostic accuracy for machine
condition monitoring while keeping the average power draw extremely low by only
expending energy on classification when needed. The third case study focused on
thermal drift compensation in MEMS pressure sensors, where a neural network was
deployed as a self-calibration engine. Implemented as a tiny ASIC block, this module
learned to correct the pressure sensor’s output in real time, counteracting temperature-
induced bias. Remarkably, the calibration unit operates on a power budget of only a
few nanowatts (about 4.46 nW) and occupies 0.55 mm2, yet it significantly improves
sensor stability over varying thermal conditions. Collectively, these three implemen-
tations underscore the central insight of this thesis: by co-designing algorithms and
hardware, one can realize ultra-low-power neural accelerators that fit within stringent
in-sensor envelopes while still delivering relevant accuracy and responsiveness. This
validates in practical scenarios that sensors can indeed host intelligent processing, re-
ducing data transmission needs and latency and enhancing privacy by keeping raw
data on-device.

Beyond the application-specific contributions, the thesis includes an exploratory
study on AI-assisted hardware design. During a research period at Johns Hopkins
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University, Large Language Models (LLMs) were evaluated as productivity aids for
drafting hardware-description artifacts (e.g., synthesizable RTL designs, testbenches,
and documentation) for a recurrent spiking neural network design. This exploratory
investigation suggests that LLMs can support early development iterations and reduce
boilerplate effort under designer supervision; however, rigorous verification, quanti-
tative assessment of impact, and methodological alignment with constraints-first co-
design remain essential prerequisites for adopting such tools in safety- and reliability-
critical hardware workflows.

The broader implications of these findings extend to the future of smart sensors
and edge AI. The case studies provide a blueprint for embedding machine learning
models directly at the sensor level, illustrating that even tasks like audio keyword
spotting, mechanical anomaly detection, and sensor self-calibration can be executed
locally with negligible energy cost. This localized intelligence can drastically reduce
data transmission requirements, enable real-time responsiveness, and safeguard data
privacy, all of which are critical as the Internet of Things scales to billions of devices.
By proving that custom neural network accelerators can operate in the nanowatt-to-
microwatt power regime, this work paves the way for a new class of self-contained,
“intelligent” sensor nodes that can perform complex interpretation of raw signals on-
site. Such capability transforms sensors from passive data sources to active sentinels
that output high-level information instead of unwieldy raw data, easing the burden on
downstream networks and cloud analytics. Moreover, the successful adoption of a
co-design strategy in multiple domains underscores its generality and transferability –
it serves as a practical co-engineering template for others aiming to deploy machine
learning in extremely constrained environments. The incorporation of LLM-assisted
design also suggests that as neural network models grow more sophisticated, the tools
used to implement them can likewise become smarter and more automated, potentially
democratizing hardware design for edge AI by lowering the barrier to entry.

Looking forward, the research identifies several open challenges and key direc-
tions for advancing tiny neural accelerators and in-sensor intelligence. Robustness
is paramount: real-world deployments must cope with variability in operating condi-
tions, manufacturing disparities, and environmental drift. As observed, performance
can degrade when a model trained on idealized data encounters out-of-distribution
conditions in the field. Future efforts should emphasize robust model training and
on-line adaptation, such as calibration policies and lightweight on-device learning
schemes that allow sensors to adapt over time without extensive retraining or cloud
intervention. Ensuring reliability across the full operational envelope may involve
continual self-monitoring of sensor data statistics and triggers for safe model updates
(for example, periodic recalibration or federated learning strategies). Another impor-
tant direction is further miniaturization of the hardware and improvement in energy
efficiency. While this thesis’s designs are already extremely small, there is room
to push the limits down even further, possibly by exploiting mixed-signal circuits
or in-memory computing approaches to reduce overheads. Integrating analog pre-
processing or non-volatile memory for weight storage could cut power consumption
and leakage to near-zero, although such approaches must be co-designed with digital
safeguards to handle analog variability. Similarly, exploring advanced semiconductor
nodes or 3D integration with sensors could shrink footprints and unlock new levels of
integration, albeit with a need to balance technology trade-offs (such as leakage vs.
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performance at different nodes).

Reconfigurability and scalability of in-sensor accelerators also present a com-
pelling avenue for research. In future smart sensors, a single hardware accelerator
might need to support multiple modes or be repurposed for different tasks as require-
ments evolve. Designing reconfigurable architectures – for instance, through parame-
terized datapaths or programmable interconnects – would enable one tiny accelerator
to handle a broader class of algorithms or adapt to different sensor modalities. This
flexibility must be achieved without sacrificing the efficiency gains of specialization.
Additionally, scaling the architectures to higher-bandwidth sensors and multi-sensor
systems is an open challenge. The current designs favor extreme resource frugal-
ity (often serializing operations to minimize area), but sensors with high output data
rates or large sensor arrays (e.g. microphone arrays, multi-axis vibration networks,
or distributed environmental sensor suites) will demand more parallel processing and
deeper buffering capacity. Research into adaptive acceleration – for example, archi-
tectures that can selectively parallelize critical processing when needed, or gracefully
power-gate sections of the circuit based on sensor activity – will be key to main-
taining energy-proportional operation under varying workloads. Techniques such as
multi-rate processing pipelines, event-driven activation (processing data only when
significant changes are detected), and hierarchical clock domains for different parts of
the circuit can help reconcile the need for higher throughput with the imperative of
low energy consumption.

Another frontier highlighted by this work is the improvement of design automa-
tion and verification for neural network hardware. Bridging the gap between machine
learning models and their hardware implementations remains cumbersome – today it
often requires manual intervention to translate quantized neural networks into correct-
by-construction RTL, to align numerical behavior (e.g. fixed-point precision, over-
flow handling) between software and silicon, and to thoroughly verify the hardware
against the algorithm. The lack of standardized toolflows or intermediate representa-
tions that carry machine-learning-specific metadata (like quantization details or layer
scheduling) into hardware design is a bottleneck. Future development of end-to-end
toolchains, possibly with open standards, would significantly streamline the path from
model to chip. Here, AI-assisted design can play a transformative role: the positive re-
sults with ChatGPT suggest that future LLMs or similar AI agents could be integrated
more deeply into EDA tools. Beyond generating code, they could automatically pro-
pose resource optimizations, generate formal assertions and properties from high-level
model descriptions, or analyze synthesis and simulation logs to recommend design
refinements. In essence, an AI-in-the-loop design paradigm could emerge, where hu-
man designers define constraints and high-level architecture, and AI assistants handle
repetitive low-level implementation details and even anticipate corner-case issues. Of
course, this raises the importance of thorough verification – when generative models
contribute to hardware design, verification and validation frameworks must advance in
parallel. Techniques like property checking, constrained-random testing, and equiv-
alence checking between the trained network and the hardware implementation will
need to become more automated and integrated, to ensure that the convenience of
AI-generated designs does not come at the cost of reliability. Ultimately, combining
improved automation with rigorous verification will make the design of tiny neural
accelerators more accessible and dependable.
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Finally, an important future direction is expanding the scope of smart sensing ap-
plications that can benefit from the proposed methodology. The principles of energy-
efficient neural co-design demonstrated in this thesis can be extended to a wide array
of sensor types and use-cases. For example, upcoming work could involve smart
biomedical sensors that preprocess physiological signals (EEG, ECG, etc.) on-device
for health monitoring, or autonomous nano-drones with on-board learning for nav-
igation and environmental mapping. Industrial and environmental monitoring sys-
tems could integrate multiple sensor modalities (pressure, temperature, gas sensors,
cameras) with a common intelligent processing unit, orchestrating a form of multi-
modal in-sensor analytics. Applying the lessons learned – such as the importance of
data-centric design, careful quantization, and custom-tailored hardware – will be cru-
cial as new domains pose their own unique constraints and reliability requirements.
By broadening the application landscape, researchers can also identify any domain-
specific challenges not encountered in audio, vibration, or pressure sensing, thereby
continually refining the co-design strategy to be even more robust and universal.

In conclusion, this Ph.D. work has charted a path toward tiny, ultra-low-power neu-
ral network accelerators that empower sensors with local intelligence. It demonstrates
that a careful hardware–software co-design enables even highly resource-constrained
devices to perform advanced inference directly at the edge. The synergy of contribu-
tions —from concrete hardware prototypes in collaboration with industry, to the pro-
posed constraints-first methodology, and to an exploratory perspective on AI-assisted
hardware development—equips the community with both examples and tools to push
this vision further. As we look ahead, the convergence of efficient hardware design,
machine learning, and emerging AI-assisted development techniques promises to yield
a new generation of autonomous, reliable, and adaptable smart sensors. These sensors
will not only be smaller and more power-frugal than ever, but also far more capa-
ble, ultimately enabling ubiquitous intelligent systems that blend seamlessly into our
environments and daily lives. The challenges of robustness, scalability, automation,
and integration identified here define a rich research agenda – one that will drive the
continued evolution of in-sensor computing from early prototypes into a foundational
technology for the future of the Internet of Things. The insights and groundwork laid
by this dissertation serve as a stepping stone toward that future, in which sensors are
not passive observers but intelligent actors at the frontier of technological innovation.
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Appendix A
AI-Assisted Hardware Design with

Large Language Models: An
Exploratory Study

I.1 Publications Associated with This Chapter

The work presented in this chapter originates from the research activity carried out
during my six-month visiting period at Johns Hopkins University, where I investigated
the use of generative Artificial Intelligence for hardware design automation. This work
directly resulted in the peer–reviewed publication:

• Paola Vitolo et al. (2024d). “Natural Language to Verilog: Design of a Recur-
rent Spiking Neural Network using Large Language Models and ChatGPT”. in:
2024 International Conference on Neuromorphic Systems (ICONS), pp. 110–
116. DOI: 10.1109/ICONS62911.2024.00024

Readers are referred to this publication for additional technical details and ex-
tended experimental results.

I.2 Introduction

The demand for ASICs has been steadily rising, with market forecasts projecting
values of up to USD 33.3 billion by 2033 and an annual growth rate of 6.4% (“Ap-
plication Specific Integrated Circuit Market Full Report” 2024). This trend reflects
the growing need for domain-specific hardware in sectors such as IoT, automotive,
consumer electronics, and healthcare, often driven by the integration of artificial intel-
ligence and machine learning functionalities (“Application Specific Integrated Circuit
Market Full Report” 2024; Sapsanis et al., 2018; Murray et al., 2018; Rogdakis et al.,
2024). Yet, the process of designing and verifying efficient custom integrated circuits
remains time- and resource-intensive, with ever tighter time-to-market constraints (Y.
Li et al., 2018). These challenges are particularly crucial in the context of neuromor-
phic computing and in-sensor processing, where energy efficiency, latency, and silicon
area must be carefully balanced.

This appendix reports an exploratory investigation that complements, but does
not replace, the constraints-first top-down hardware–software co-design methodology
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presented in Chapter II. While Chapters III–V focus on application-driven ISC accel-
erators and quantitative power/area/latency results, the goal here is to evaluate whether
LLMs can act as productivity aids for generating and refining HDL and verification ar-
tifacts under designer supervision. For this reason, the results in this appendix should
be interpreted primarily in terms of development workflow (code generation, modular
verification, and iteration), rather than as a new ISC case study.

Generative Artificial Intelligence (GenAI), and in particular Large Language Mod-
els (LLMs), has recently emerged as a promising complement to conventional Elec-
tronic Design Automation (EDA) flows (Huang et al., 2021). Several studies have
shown how LLMs can support hardware design by generating synthesizable hardware
description code, assisting in debugging, or even co-developing verification infras-
tructures (M. Liu et al., 2023; Thakur et al., 2024; Fu et al., 2024; Thakur et al.,
2023). Early demonstrations include the design of simple modules such as random
number generators with bus interfaces (Meech, 2023) and the use of conversational
models to detect and fix design bugs (Fu et al., 2023). GPT models, in particular, have
been widely adopted for these tasks (Blocklove et al., 2023; L. J. Wan et al., 2024),
enabling the automatic production of Verilog and VHDL with reduced syntax errors.
Our previous work also validated the use of GPT-4 to implement a programmable dig-
ital spiking neuron array fabricated in SkyWater 130 nm technology (Tomlinson et al.,
2024).

Despite these promising results, significant gaps remain in scaling such approaches
to more complex neuromorphic architectures. Building on prior work (Tomlinson et
al., 2024), this chapter investigates the use of LLMs to design a recurrent spiking neu-
ral network (RSNN) in synthesizable Verilog, exploring not only architectural gen-
eration but also testbench development and verification. The chosen RSNN extends
beyond feedforward or single-layer SNNs by introducing recurrence, thereby enabling
the capture of temporal dynamics—an essential feature for processing sequential data
in edge and in-sensor scenarios.

To validate the approach, we consider three representative machine learning tasks
of increasing complexity: the XOR problem, the IRIS flower classification, and the se-
quential MNIST benchmark. The LLM-generated Verilog is evaluated both in FPGA
prototyping and ASIC synthesis using a fully open-source flow targeting SkyWater
130 nm technology, with a final submission to the Efabless Tiny Tapeout program.

In the broader context of this thesis, this chapter demonstrates how generative
AI can accelerate algorithm–hardware co-design, reducing iteration time while sup-
porting the implementation of ultra-low-power neural accelerators for in-sensor com-
puting. The subsequent sections describe the methodology and prompting strategies,
the RSNN architecture, validation tasks, implementation results, and a critical discus-
sion of opportunities and challenges in adopting LLM-based design automation within
neuromorphic hardware design.

I.3 Methodology and Design Flow

SNNs, regarded as the third generation of artificial neural networks, emulate the
spiking behavior of biological neurons. Their event-driven computation leads to more
compact and efficient implementations compared to conventional neural networks (Aku-
sok et al., 2019; Cassidy et al., 2013). When extended with recurrent connections
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(RSNNs), they are inherently capable of processing temporal sequences and classi-
fying dynamic input streams, making them highly suitable for real-time AI/ML tasks
where latency and power are critical constraints.

From an ISC perspective, event-driven spiking computation is also conceptually
aligned with energy-proportional operation: when input activity is sparse, computa-
tion and memory accesses can be naturally reduced, enabling aggressive duty cycling
and fine-grained gating. Therefore, RSNNs provide a useful representative target to
explore AI-assisted RTL generation for ultra-low-power neural processing under tight
resource constraints.

To realize the proposed RSNN, we adopted a modular, bottom–up design method-
ology supported by OpenAI’s ChatGPT-4. The complex system was decomposed into
a hierarchy of smaller, reusable submodules. This hierarchical approach improved
manageability, scalability, and reusability, while facilitating early detection of design
errors. For each submodule, ChatGPT was prompted to generate synthesizable Verilog
code accompanied by inline documentation, which is essential for long-term maintain-
ability and potential extensions. After functional description, ChatGPT was further in-
structed to produce dedicated testbenches, enabling independent verification of each
module.

Once the submodules passed functional verification, they were instantiated to-
gether within a top-level module to form the complete RSNN architecture. This sys-
tematic integration strategy ensured clear separation of concerns, reduced complexity
at each stage, and accelerated development.

All source code and conversation transcripts documenting the design process are
made publicly available through the GitHub repository at Andreou-JHULabOrg/ tiny-
tapeout 06 chatgpt rsnn (Vitolo et al., 2024e).

I.3.1 System Architecture

The synthesized RSNN is depicted in Fig. I.1. The network is organized as a fully
connected structure with three spiking inputs and three spiking outputs. Internally, it
is arranged in three layers, each comprising three recurrent spiking neurons. Every
neuron in a given layer receives input from all neurons in the preceding layer—or di-
rectly from the external inputs in the case of the first layer—resulting in three synaptic
weights per neuron. Consequently, each layer contains 3 × 3 connections, leading to
a total of 3× 3× 3 = 27 weights across the entire network.

The neuron dynamics are described by the leaky integrate-and-fire (LIF) model
with recurrence, formulated in Eq. I.1. Here, Iin denotes the synaptic input current, U
the membrane potential, Uthr the firing threshold, Sout the output spike, R the reset
term, β the decay constant, and V the scaling factor for the recurrent feedback.

U(t) > Uthr ⇒ S(t+ 1) = 1,

U(t+ 1) = βU(t) + Iin(t+ 1) + V Sout(t)−RUthr.
(I.1)

When the membrane potential exceeds the threshold Uthr, the neuron generates an
output spike Sout and triggers the reset signal R = 1, which reduces U by subtract-
ing the threshold value. Recurrence is modeled by self-connections in which each
neuron reinjects its own spike activity scaled by V . The model also incorporates a
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Figure I.1: Diagram of the desired Recurrent Spiking Neural Network, consisting of 3 fully
connected layers, each layer having 3 recurrent spiking neurons. Extracted from (Vitolo et al.,
2024d).

refractory phase, preventing immediate reactivation after a spike and thus improving
the biological plausibility of the dynamics.

Following a bottom–up design strategy, the LIF neuron was implemented first. The
initial Verilog code produced by ChatGPT underwent iterative refinements: specifica-
tions were progressively clarified, and issues were systematically corrected. The final
neuron module generated by ChatGPT is reported in Table I.2, alongside its initial
draft. Documentation for this block was also automatically produced.

The same iterative process was applied to extend the neuron design with an ad-
ditional input for the feedback scaling factor. Subsequently, a layer of three neurons
was realized, where input currents were generated by multiplying incoming spikes
with their corresponding weights. This was followed by the construction of a three-
layer network, complemented with a First-In-Parallel-Out (FIPO) memory for param-
eter storage and a finite state machine (FSM) for memory management. The final
top-level system integrates the RSNN layers, memory structures, the FSM-based con-
troller, synchronizers for asynchronous inputs, and registers for spike buffering.

Design constraints required support for both positive and negative weights encoded
in two’s complement 8-bit fixed-point format, with proper handling of signed overflow
and sufficient bit-width extension to ensure reliable accumulation of weighted inputs.

After completing each hardware block, a separate ChatGPT session was initiated
with the explicit goal of creating a Verilog testbench. The automatically produced
code was iteratively improved: simulation traces were analyzed, errors or omissions
were identified, and progressively more precise details were added to the prompts to
refine the generated stimuli and checking conditions. In this way, every submodule
was validated in isolation before moving on to system-level verification of the inte-
grated top module. Table I.3 provides an example of this process, showing the initial
draft and the final version of the LIF neuron testbench produced through iterative re-
finement.
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Figure I.2: Leaky Integrate-and-Fire Spiking Neuron Verilog Module generated by ChatGPT.
Extracted from (Vitolo et al., 2024d).
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Figure I.3: Test Bench for the LIF Spiking Neuron Verilog Module generated by ChatGPT.
Extracted from (Vitolo et al., 2024d).

106



AI-Assisted Hardware Design: An Exploratory Study

Figure I.4: Block Diagram describing the pipeline used for our proposed Sequential MNIST
model. Extracted from (Vitolo et al., 2024d).

I.4 Validation on Benchmark Tasks

To evaluate the functional correctness of the Verilog modules generated with Chat-
GPT, the architecture was tested on three representative case studies: the exclusive OR
function, the IRIS flower dataset, and the Sequential MNIST digit recognition task.
These benchmarks were selected to progressively increase the level of complexity,
from simple nonlinear decision boundaries to multi-class classification and finally to
sequential, temporally extended inputs.

The behavioral modeling of the recurrent leaky integrate-and-fire (RLIF) neurons
with one-to-one recurrent connections was performed using SNNTorch (Eshraghian
et al., 2023), complemented by the available documentation for this neuron type. Net-
work weights and parameters were quantized with the support of SNNTorch (Eshraghian
et al., 2023) and Brevitas (Pappalardo et al., 2024), ensuring consistency between the
software model and the hardware implementation. The tested network consisted of
three layers, each realized as a quantized linear block of three RLIF neurons with
recurrent feedback.

I.4.1 Case Study 1: Exclusive OR

The exclusive OR (XOR) problem represents a minimal nonlinear classification
task and was used as a first validation of the synthesized RSNN. In this setup, only two
out of the three input neurons and two out of the three output neurons were utilized.
Despite its simplicity, the task confirmed the non-linear separability of the network,
with classification accuracy reaching up to 95%.

I.4.2 Case Study 2: IRIS Flower Classification

The IRIS dataset provides a classical benchmark for evaluating multi-class clas-
sification. It involves distinguishing among three flower species: setosa, versicolor,
and virginica. To adapt the dataset to the three-input architecture, the last feature was
excluded, resulting in a three-dimensional input vector. This reduction allowed direct
mapping to the network inputs while preserving the class structure. Using this config-
uration, the RSNN achieved accuracies of up to 96.6%, demonstrating the suitability
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Figure I.5: Post-implementation timing simulation of the RSNN hardware design generated
with ChatGPT on Spartan-7 FPGA. Two operating phases can be observed: startup
(parameter loading) and running (spike processing). Extracted from (Vitolo et al., 2024d).

of the design for structured multi-class classification problems.

I.4.3 Case Study 3: Sequential MNIST Digit Recognition

While the XOR and IRIS experiments confirmed classification capability, they did
not fully exploit the temporal processing strength of recurrent spiking architectures.
To this end, the Sequential MNIST benchmark was adopted, with and without en-
abling recurrence. For this study, only the first three digit classes (0, 1, and 2) were
considered, as illustrated in Fig. I.4. Each MNIST image was divided into three equal
vertical segments (top, middle, bottom) and then mapped to the three input neurons of
the RSNN. To achieve equal segmentation, the images were distorted with padding,
reducing the number of timesteps from 784 to 262.

The results confirmed that the recurrent dynamics improved performance in se-
quential classification tasks. For the three-class classification, the RSNN reached an
accuracy of 89%, while binary classification (two classes at a time) achieved up to
94.7%. This case study highlights the advantages of incorporating recurrence in spik-
ing neural networks for processing temporal or segmented inputs.

I.5 Results and Discussion

The iterative design sessions with ChatGPT successfully produced synthesizable
Verilog code for all the RSNN modules after a total of 117 iterations. Table I.1 sum-
marizes the conversational process, highlighting the number of iterations, code size,
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Figure I.6: Zoomed-in timing simulation of the startup phase. The load params signal is
asserted, enabling the loading of network parameters into memory before the system
transitions to the running mode. Extracted from (Vitolo et al., 2024d).

and the main refinements required. Among the modules, the LIF neuron and the RLIF
layer proved to be the most demanding, requiring 38 and 17 iterations respectively
across multiple conversations.

Two aspects mainly contributed to the higher number of iterations: (i) the complex-
ity of handling overflow and underflow conditions with proper bitwidth extension for
current accumulation, and (ii) the size of the codebase. Smaller modules with fewer
lines of code were generally easier to debug and converge more quickly, even when
overflow management was required. These findings emphasize the value of a modular
design flow supported by clear, well-defined requirements and illustrative examples.

I.5.1 FPGA Prototyping

The generated design was prototyped on a Digilent CMOD S7 development board
equipped with a Xilinx Spartan-7 FPGA, using the Xilinx Vivado Design Suite. Post-
implementation analysis reported a utilization of 1011 LUTs and 507 FFs, with a
maximum operating frequency of 83 MHz. Power analysis was performed through
Switching Activity Interchange Format (SAIF)-based simulations, yielding a total es-
timated consumption of 65 mW, of which 4 mW was dynamic and 61 mW static.
Timing simulations (Figs. I.5 and I.6) revealed two functional phases: a startup phase,
where network parameters are loaded into memory, and a running phase, during which
input spikes are processed. This confirms the correctness of memory initialization and
real-time spike processing.
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Table I.1: Summary of Verilog Code Generation with ChatGPT. Extracted from (Vitolo et al.,
2024d).

Module
Name

Chat
#

Itera-
tions
#

Lines
of Code Main Refinements

LIF
Neuron 2

38
(24+14) 33

Overflow/underflow handling
Bitwidth adjustment
Sign extension
Syntax best practices
Additional input signals

RLIF
Neuron 1 6 19

Overflow/underflow handling
Bitwidth adjustments
Sign extension

RLIF
Layer 2

17
(10+7) 63

Clarification of requirements
Input data formatting
Parameter sharing
Syntax refinements
Overflow management

RSNN 1 8 37
Clarification of behaviour
Verilog best practices

FIPO
Memory 1 12 21

Clarification of behaviour
Control signal insertion

RegN 1 5 6
Parameterization
Control signals
Reset behaviour

Control
Memory 1 9 55

Clarification of behaviour
Syntax corrections

Top
Module 1 22 103

Clarification of behaviour
Connection refinement

I.5.2 ASIC Implementation and Tiny Tapeout

For ASIC validation, the design was synthesized and implemented using the Sky-
Water 130 nm open PDK through the OpenLane flow. OpenLane automates RTL-to-
GDSII design, including logic synthesis, placement, routing, and signoff checks. The
final layout is shown in Fig. I.7. The implementation achieved an area occupation
of 0.11 mm2 with 5187 cells, distributed as follows: 1635 combinational logic cells,
1577 taps, 647 NORs, 580 ORs, 512 flip-flops, 495 buffers, 345 NANDs, 337 ANDs,
242 miscellaneous cells, 220 multiplexers, 124 inverters, and 49 diodes.

All signoff checks were passed successfully, confirming the robustness of the de-
sign flow and the viability of ChatGPT-assisted hardware generation for ASIC targets.
These results demonstrate the potential of LLM-based design assistance as a valuable
complement to traditional hardware development processes.
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I.5.3 Limitations, auditability, and explainability

This exploratory study has three main limitations.

• Limited quantitative assessment of productivity impact. While Table I.1
reports the number of iterations and refinements required to converge to synthe-
sizable modules, we do not claim a generalizable speedup factor with respect
to a conventional manual flow. A rigorous assessment would require controlled
comparisons (same specification, multiple designers, time-to-convergence and
bug-rate metrics).

• Bottom–up demonstration versus full constraints-first co-design. The goal
here is to evaluate LLM assistance for RTL and verification artifact generation.
Integrating this capability into the constraints-first co-design methodology of
Chapter II would require starting from an application-driven specification (e.g.,
one of the ISC case studies) and quantifying the end-to-end impact on design
iterations, verification effort, and implementation closure.

• Explainability and rationale of LLM-generated design choices. The present
study relies on transparent prompting and on conventional verification/EDA
feedback as the main correctness filters. Dedicated LLM explainability tools
(e.g., systematic rationale extraction, prompt ablations, or structured auditing
of decision paths) were not applied, and represent an important direction for fu-
ture work. To support reproducibility and post-hoc inspection, all prompts and
conversation transcripts are made available in the associated public repository,
enabling independent auditing of the design process.

Figure I.7: Final GDSII layout of the RSNN hardware design generated by ChatGPT using
the SkyWater 130 nm PDK. Extracted from (Vitolo et al., 2024d).
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