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Abstract

This thesis presents a hardware–software co-design methodology for deploying deep
neural networks (DNNs) on heterogeneous microcontroller (MCU) systems target-
ing extreme-edge applications. It addresses the growing need for near-sensor intel-
ligence in domains such as autonomous robotics, wearable devices, and precision
agriculture, where power, memory, and compute resources are tightly constrained.

Object detection serves as the main case study throughout this thesis, as it combines
classification and regression tasks and thus provides a representative benchmark for
evaluating both discrete and continuous prediction capabilities on ultra-low-power
MCUs.

This study begins by analyzing the scaling behavior of neural networks on resource-
limited platforms, quantifying the trade-offs between model complexity, latency,
and accuracy. This analysis reveals the inherent limitations of multicore MCUs. I
perform this evaluation on a nano-drone equipped with the GAP8 MCU, demon-
strating that while scaling down models (e.g., MobileNetV2-SSD) improves latency,
it significantly impacts accuracy, causing a reduction of 13% of mean average pre-
cision, making aggressive compression a limiting factor when multiple workloads
must run on the same MCU.

Motivated by these findings, the thesis advocates the adoption of heterogeneous
MCU architectures, combining general-purpose RISC-V cores with domain-specific
accelerators to improve throughput and energy efficiency. I investigate this intro-
duction using the GAP9 SoC as a representative heterogeneous MCU for real-world
applications, exemplified by an automated pest detection node for precision agri-
culture. Leveraging its neural accelerator, the platform achieves efficient on-device
inference, achieving 7.2× higher throughput and requiring 34× less energy than
the GAP8 architecture performing the same workload, MobileNetV3-SSDLite.

Finally, the proposed co-design methodology is applied to two workloads, video
object detection (VOD) and speech enhancement (SE), to demonstrate its gener-
ality. For VOD, a multi-resolution inference policy (MR2-ByteTrack) interleaves
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low- and high-resolution frames, improving accuracy by 2.16% and reducing en-
ergy consumption by 43.6% on GAP9 w.r.t. a baseline object detector working
only with high-resolution frames. For SE, a neural beamforming pipeline exploits
mixed-precision computation: an int8 neural network generates spectral masks
on the accelerator, while a float32 MVDR beamformer ensures numerical stabil-
ity. The system achieves real-time operation (20ms latency) at an energy cost of
17.28mJ per inference.

Overall, this thesis demonstrates that hardware–software co-design, applied sys-
tematically across algorithmic and architectural dimensions, enables complex AI
workloads to execute efficiently on ultra-low-power heterogeneous MCUs, bridging
the gap between embedded constraints and modern deep learning requirements.
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Chapter 1

Introduction

The adoption of Artificial Intelligence (AI), and in particular deep neural networks
(DNNs), has been pervasive across scientific and industrial domains, bringing a
profound shift from handcrafted statistical and rule-based systems to end-to-end
learning paradigms [4]. This transformation is evident across diverse application
areas. In computer vision, pipelines based on handcrafted descriptors such as SIFT
and HOG [5, 6] have been replaced by convolutional neural networks that automati-
cally learn invariant, data-driven visual features, achieving unprecedented accuracy
in classification and detection tasks [7]. Similarly, in audio and speech processing,
deep architectures have supplanted traditional signal-processing front ends based on
Gaussian mixture models, learning complex time–frequency representations directly
from data and reaching near human-level performance in recognition and synthe-
sis [8, 9]. Beyond the applications presented in this thesis, comparable paradigm
shifts have occurred in natural language processing, where manually engineered
features, such as n-gram statistics, syntactic parsers, and latent topic models [10]
have been replaced by neural architectures capable of learning hierarchical repre-
sentations directly from raw text, dramatically improving translation fluency and
contextual understanding [11]. Across these fields, and more, the transition from
expert-crafted features to learned representations has yielded more expressive and
adaptable models, at the cost of vastly increased computational and memory de-
mands. Over the past decade, the scale of computation required for training and
using state-of-the-art models has grown by more than six orders of magnitude, with
parameter counts expanding from millions to hundreds of billions [12]. This expo-
nential growth has driven a shift toward massive distributed training on General
Purpose Graphical Processing Unit (GPGPU) and Tensor Processing Unit (TPU)
clusters. Today, achieving state-of-the-art performance demands infrastructure
capable of sustaining petaflop-scale compute throughput and terabytes of active
model memory, often orchestrated across thousands of nodes [13]. However, many
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Introduction

emerging use cases, such as autonomous robotics [14], augmented reality [15], and
wearable biomedical devices [16], require computation close to the data-generating
sensors. Operating near the sensing front-end enables rapid feedback and real-
time decision-making while, at the same time, preserving privacy by avoiding data
transmission to the cloud. This proximity imposes stringent constraints on avail-
able power and physical size, severely limiting the available computational and
memory resources. While novel platforms have been proposed for executing deep
learning models at the edge, such as the NVIDIA Jetson family [17], these systems
integrate powerful GPU-based accelerators and multi-core Central Processing Units
(CPUs). Despite their impressive performance, such architectures are designed for
relatively large autonomous platforms and remain unsuitable for wearable devices
or nano-scale systems, such as nano-drones. They are still far too large and energy-
demanding to be deployed in these highly constrained contexts. To enable intelli-
gence at this extreme edge, I must instead rely on a smaller class of devices,e.g.,
MicroController Units (MCUs), that rely on parallel computing to achieve high
compute throughput while satisfying both spatial and energy constraints. This
constraint, however, reduces the available computational budget to only a few
Giga-Operations Per Second (GOPS) and a few megabytes of on-chip memory,
thereby motivating the development of more efficient neural network architectures,
optimized deployment strategies, and specialized hardware accelerators capable of
bridging the computational and performance divide with the SoTA of desktop-class
devices. While previous works have already demonstrated that low-power MCUs
can execute compact neural network workloads [18] and even deploy more com-
plex architectures on constrained platforms [19], little attention has been given to
the joint optimization of algorithms and hardware for such limited computational
resources. In particular, the interplay between computational complexity, energy
consumption, and model accuracy has rarely been analyzed in conjunction with the
architectural characteristics of the underlying hardware. This thesis contributes a
comprehensive hardware–software co-design methodology for executing deep neu-
ral network workloads on heterogeneous ultra-low-power microcontroller systems
targeting extreme-edge applications. I consider as my main case study the object
detection application, as it combines classification and regression tasks, thereby
stressing both discrete and continuous prediction capabilities under constrained
execution. This makes it an effective benchmark for assessing the behavior and ef-
ficiency of different neural network architectures on ultra-low-power MCUs. I begin
by analyzing the scaling behavior of deep neural networks on resource-constrained
platforms through a robotic case study on object detection for nano-drones. Three
SSD-MobileNetV2 variants (α = 0.5,0.75,1.0) are deployed on a parallel MCU,
the GAP8, spanning 193,M–534,M MACs. This setup enables a controlled study
of how compute demand translates into frame rate, power, and detection perfor-
mance under a fixed embedded budget. Despite its higher complexity, the largest
configuration (α = 1.0) achieves the best operating point in this scenario, reaching
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a mean detection rate of 90% at 1.6 frame/s and 134mW. Conversely, scaling the
network down improves throughput but leads to a clear accuracy penalty (up to
−13% mAP), highlighting that aggressive compression is not “free” even when it
enables faster inference.

These results confirm that increasing model capacity can remain beneficial even at
the extreme edge, but they also expose a fundamental limitation of homogeneous
multicore MCUs: the available throughput is often sufficient for a single perception
pipeline, yet quickly becomes inadequate once autonomy requires multiple vision
workloads to run concurrently. In practice, adding a second network—for instance
an obstacle-avoidance model such as PULP-DroNet, which requires ≥ 8 frame/s
to maintain an 80% collision-avoidance probability—forces a strict reallocation
of compute. Under a fixed power and throughput envelope, this typically means
either time-multiplexing the workloads (reducing update rate) or further shrinking
the networks to fit, both of which directly trade away performance: lower frame
rates degrade responsiveness, while additional model scaling amplifies the accuracy
losses already observed in the single-network setting.

This constraint motivates the transition to heterogeneous MCU architectures com-
bining general-purpose cores with domain-specific accelerators. In my pest-detection
study, I show the higher efficiency of heterogeneous MCUs, exemplified by the
GAP9, which achieves, running a Mobilenetv3SSDLide network, 10.9MAC/cycle,
7.2× over GAP8, with 9.5× faster inference, requiring 147ms and 34 × less en-
ergy, 4.73mJ. This improvement enables an estimated lifetime of ∼199 days with
a duty-cycled deployment powered by a 1000mAh battery at 3.7V, demonstrating
that heterogeneous MCU designs can sustain high-performance deep inference while
preserving the ultra-low-power operation required for long-lived edge intelligence.
Building upon this foundation, the thesis presents application-driven evaluations of
the proposed co-design methodology. The first case study revisits a Video Object
Detections (VODs) pipeline, where interleaving two down-scaled frames for every
high-resolution frame within the MR2-ByteTrack framework results in an average
accuracy improvement of 2.16% and reduces energy consumption of 43.6% on the
GAP9 MCU compared to a baseline high-resolution only inference scheme. Finally,
to demonstrate the generality of the approach beyond vision tasks, the methodology
is applied to multi-microphone speech enhancement (SE). This is obtained through
neural beamforming, which performs spatial filtering by combining signals from
multiple microphones to enhance sound from a target direction while attenuating
background noise. The implemented pipeline achieves real-time operation with a
20ms ms inference latency and an energy cost of 17.28mJ per inference, confirming
the effectiveness and versatility of the proposed co-design framework across diverse
sensing modalities.
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1.1 – Thesis outline and contributions

1.1 Thesis outline and contributions

Ch. 4
Parallel MCUs:
Capabilities
and Limits

Ch. 5
Heterogeneous MCUs

comparison with
Parallel MCUs

Ch. 6
Application Specific
Co-design on Het-
erogenous MCUs

Background Related works

Figure 1.1. Overview of the thesis structure and experimental progression split
over its three main chapters.

An overview of the structure of this thesis is depicted in Figure 1.1. The content
of each chapter is summarized in the following.

Chapter 2 - Related Work This chapter surveys the state of the art under-
pinning this thesis. It first reviews the evolution of object detection, highlighting
the emergence of lightweight architectures specifically designed for embedded infer-
ence. The analysis then considers their prospective deployment on nano-Unmanned
aerial vehicless (UAVs), complemented by an examination of navigation strategies
and CNN-based visual obstacle avoidance for this class of devices. Together, these
studies provide the algorithmic and control background relevant to autonomous ex-
ploration in unknown environments, where object detection must operate as part of
an integrated perception–control pipeline. The discussion subsequently addresses
the specialization of object detection for agricultural pest monitoring, tracing the
shift of this application from cloud-based processing to edge-deployed systems. It
then extends to video object detection, viewed as a generalization of single-frame
object detectors. Finally, to broaden the analysis to a distinct sensing modality,
the chapter introduces beamforming for multichannel speech enhancement as an
audio counterpart, illustrating how analogous computational, memory, and energy
constraints arise. Throughout, the analysis emphasizes the key performance met-
rics, accuracy, latency, memory footprint, and energy efficiency,that motivate the
transition toward heterogeneous embedded architectures for intelligent processing
at the extreme edge.

Chapter 3 - Background This chapter introduces the GAP8 and GAP9 SoCs
from GreenWaves Technologies, two generations of ultra-low-power multicore mi-
crocontrollers designed for edge-AI applications. The GAP8 provides a parallel
RISC-V architecture for general-purpose compute, while the GAP9 extends it with
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Introduction

dedicated hardware accelerators for deep learning. The chapter also outlines the
AutoTiler deployment framework, which automates data tiling and memory man-
agement to efficiently map neural networks onto these platforms.

Chapter 4 - Object Detection on a Nano-Drone Using a RISC-V Multi-
Core MCU In this chapter, I investigate the feasibility and practical limitations
of executing deep neural networks on resource- and energy-constrained parallel mi-
crocontroller units (MCUs). Specifically, I focus on the GAP8 platform, a parallel
ultra-low-power processor representative of multicore MCUs. The analysis builds
upon two experimental studies that collectively explore the trade-offs between com-
putational efficiency, model complexity, and task performance in embedded artificial
intelligence.

I begin by examining the deployment of a CNN for object detection, based on
the MobileNetV2-SSD architecture. The MobileNetV2 model introduces a width
multiplier parameter, commonly denoted as α, which uniformly scales the number
of channels in each convolutional layer. This parameter allows balancing com-
putational cost and model accuracy, effectively controlling the network’s depth
and representational capacity. By varying α across different configurations, α =
0.5,0.75,1.0, I evaluate the trade-off between execution latency and detection accu-
racy when executing on the GAP8 MCU.

The analysis reveals that while lightweight configurations yield faster inference (
4.3 frames/s for α = 0.5 2.7× faster than α = 1.0, their accuracy degradation is
non-negligible for perception tasks of practical relevance (13% loss in mAP reach-
ing 37%). Ultimately, the full-width configuration (α = 1.0) achieves the most
favorable performance-to-accuracy balance under the given hardware constraints,
achieving a detection rate of 90%, and it is therefore selected as the baseline for sub-
sequent experiments. Building upon this finding, I integrate the object detection
network with an additional model dedicated to obstacle avoidance, demonstrating
that the concurrent execution of multiple perception tasks quickly saturates the
available computational throughput. This observation underscores the necessity
of employing more capable embedded hardware when high-throughput inference
or multi-network integration is required, a consideration that becomes particularly
critical in autonomous robotic systems where all computation must occur on-board.

Chapter 5 - Heterogeneous MCU for On-Device Pest Detection In the
previous chapter, I analyzed the capabilities of modern multi-core MCUs, showing
that these devices can sustain increasingly complex workloads, including convolu-
tional neural networks, within tight memory and power budgets. Nevertheless, the
evaluation also revealed the limitations that arise when executing compute-intensive
tasks entirely on general-purpose cores, particularly in latency-critical applications.
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To overcome these constraints, recent embedded platforms have adopted hetero-
geneous architectures that integrate domain-specific accelerators alongside conven-
tional processing cores. Such systems, exemplified by the GAP9 System on Chip
(SoC), combine multiple RISC-V cores with a dedicated convolutional engine, of-
fering substantial gains in performance and energy efficiency compared to baseline
MCUs such as the GAP8.

To evaluate these benefits, I developed an automated pest detection sensor for
precision agriculture targeting the codling moth (Cydia pomonella). Two detection
pipelines were implemented: a traditional Viola–Jones classifier and a CNN-based
MobileNetV3-SSDLite. I test my algorithms on two datasets on the first, both
algorithms achieved comparable accuracy (81.7% vs. 83%), while on a second set
containing smaller insects, the CNN generalized better, reaching 72% accuracy,
27% higher than Viola–Jones.

From a computational standpoint, the heterogeneous GAP9 significantly outper-
forms the GAP8. The Viola–Jones algorithm runs in 221ms per 320×240 frame,
×1.47 faster than on GAP8, thanks to a higher clock speed (+37%) and an ad-
ditional 64 kB of low-level memory. More strikingly, the MBNV3-SSD executes in
147ms using the convolutional accelerator, ×9.5 faster than on GAP8, reaching
10.9MAC/cycle efficiency, or ×7.2 higher than the previous generation.

These results show that heterogeneous MCUs can enable accurate CNN-based pest
detection previously attainable only on processors consuming over ×15 more en-
ergy [20]. Moreover, with a duty-cycled operation powered by a 1000mAh, 3.7V
battery and one image analyzed every 30 seconds, the system achieves an estimated
lifetime of nearly 199 days, demonstrating how heterogeneous integration unlocks
real-time intelligence under ultra-low-power constraints.

Chapter 6 - Application Specific Acceleration for Heterogeneous MCUs
In this final chapter, I apply the proposed hardware–software co-design method-
ology to two representative deep-learning workloads, VOD and SE, demonstrating
how aligning algorithmic design with architectural features enables efficient execu-
tion of complex models on ultra-low-power platforms. The approach emphasizes
adapting computation to available resources while exploiting application-specific
structure, jointly optimizing precision, latency, and energy efficiency within the
constraints of heterogeneous microcontroller-class systems.

For VOD, I target vision-based perception tasks in embedded systems such as minia-
ture drones and surveillance nodes, where memory and compute budgets are limited
to a few megabytes and tens of milliwatts. To address these constraints, I introduce
a multi-resolution inference strategy that interleaves full- and low-resolution frames,
reducing the per-frame cost by up to 43% without increasing model parameters. A
Kalman-based tracker (ByteTrack) maintains object identity across frames, while
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a probabilistic Rescore mechanism refines category predictions over time, mitigat-
ing transient misclassifications. Deployed on the GAP9 SoC, this MR2-ByteTrack
pipeline achieves up to 1.76× lower latency compared to single-resolution inference
and improves mean Average Precision by +2.16%, sustaining real-time throughput
within a peak power envelope of only 72mW.

For multi-channel SE, I design a neural beamforming pipeline for hearable devices,
combining a lightweight int8 convolutional mask estimator with a float32 MVDR
beamformer. This mixed-precision division of labor preserves numerical stability
in spatial filtering while exploiting quantization tolerance in the neural stage. An
interleaved execution strategy overlaps beamforming with weight estimation, satis-
fying the real-time constraint of 20ms per frame. The system achieves a STOI score
of 0.88 at an energy cost of 17.28mJ per beamforming inference, corresponding to
roughly 16 hours of continuous operation on a tiny 100 mAh 3.7V battery.

Together, these two case studies demonstrate that co-optimizing algorithms and
hardware can sustain high perceptual accuracy and real-time performance within
milliwatt-level power budgets, advancing the feasibility of intelligent sensing at the
extreme edge.
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Chapter 2

Related Work

This chapter surveys the state of the art relevant to this thesis. I begin by re-
viewing object detection, which represents the main vision workload considered in
this thesis, outlining its evolution from two-stage to one-stage detectors and the
emergence of lightweight architectures tailored for embedded inference. I then ex-
amine its deployment on parallel multi-core MCUs in nano-UAV platforms, distin-
guishing the neural inference workload from the exploration strategy that governs
navigation. Subsequently, I focus on agricultural pest detection, a domain-specific
instance of object detection, emphasizing the transition from cloud-based to edge-
based systems and the enabling role of heterogeneous MCUs with dedicated CNN
accelerators. Finally, I extend the discussion to video object detection, viewed as
the temporal evolution of single-frame object detection models, and to multichan-
nel speech enhancement with beamforming, which, although distinct in modality,
shares comparable computational, memory, and energy constraints. Across these
topics, I highlight the central metrics of accuracy, latency, memory footprint, and
energy efficiency that underpin the motivation for heterogeneous embedded archi-
tectures addressed in this thesis.

2.1 Object Detection

The advent of deep Deep Neural Networks (DNNs) has profoundly transformed ob-
ject detection, the task of simultaneously localizing and classifying objects within
an image. Early DNN-based detectors, such as R-CNN and its successors Fast
R-CNN and Faster R-CNN [21], relied on a two-stage pipeline in which a first
network generates a set of region proposals—candidate areas likely to contain ob-
jects—that are subsequently refined and classified in a second stage. Although this
approach achieved high accuracy, it introduced data-dependent computational costs
and large memory footprints, resulting in variable inference latency and rendering
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such models unsuitable for real-time or embedded applications where determinism
and resource constraints are critical.

To address these limitations, one-stage detectors were introduced, performing lo-
calization and classification in a single forward pass over the image. Represen-
tative examples include YOLO (You Only Look Once), SSD (Single Shot Detec-
tor) [22], and RetinaNet [23], which directly regress bounding-box coordinates and
class probabilities without the intermediate region-proposal step. Their streamlined
architectures—composed of a convolutional backbone followed by lightweight de-
tection heads—achieve fully deterministic execution and lower latency, establishing
one-stage detectors as the prevailing paradigm for time-critical applications.

Despite their improved efficiency, early one-stage models still exhibited footprints
too large for ultra-constrained devices such as microcontrollers or nano-aerial robots.
This limitation motivated the design of lightweight backbones optimized for em-
bedded deployment. MobileNetV1 and V2 [24, 25] pioneered the use of depthwise
separable convolutions, drastically reducing multiply–accumulate operations while
preserving representational capacity. Combined with simplified detection heads,
the resulting SSDLite architecture achieved an mAP of 22.1% on COCO [26] with
only 4.3M parameters and 0.8G MACs, demonstrating that real-time detection
could operate within sub-watt power envelopes.

Building upon these advances, the EfficientNet and EfficientDet families [27] ex-
ploited neural-architecture search and compound scaling to jointly optimize accu-
racy, efficiency, and model size. In particular, EfficientDet-D0 employed a bidirec-
tional feature-pyramid network (BiFPN) and a decoupled detection head, reaching
an mAP of 34.6% with only 2.5G MACs and 3.9M parameters. These design
principles provided a systematic framework for balancing complexity and perfor-
mance, paving the way for further miniaturization. Subsequent works such as
NanoDet and YOLOX-Nano [3, 28] extended these ideas to the extreme, intro-
ducing sub-megabyte detection frameworks suited for low-power edge devices. For
instance, NanoDet-Plus integrates adaptive label assignment and dynamic soft tar-
gets, achieving an mAP of 27% on COCO with fewer than 0.5G MACs, while
YOLOX-Nano attains 25.8% mAP with 0.9M parameters and 0.36G MACs. These
models epitomize the culmination of a decade-long evolution—from the highly accu-
rate but resource-hungry two-stage detectors to modern, ultra-efficient architectures
that balance precision, throughput, and energy consumption—enabling real-world
deployment in embedded and autonomous platforms.

Parallel to these CNN-based approaches, the introduction of Transformer-based
detectors further diversified the design space. DETR [29] reformulated detection
as a set-prediction problem optimized via bipartite matching, eliminating the need
for handcrafted anchors but at the cost of high memory usage (159MB) and slow
convergence. Subsequent mobile-oriented Transformers, such as MobileViT and its
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derivatives [30, 31, 32], achieved an mAP of 19.3% with only 1.2M parameters in
the backbone, bridging CNN-Transformer efficiency gaps

2.2 AI-powered nano-drones.

Recently, several AI-based visual pipelines have been brought to nano-drone sys-
tems. Lamberti et al. [33] developed a CNN for end-to-end autonomous visual nav-
igation that achieves an inference throughput of 160FPS on a nano-drone, thanks
to a reduced CNN complexity (down to 1.5MMAC). This network design has two
outputs: the steering angle and the collision probability. The latter is trained to
detect any obstacle without providing information about its class or position within
the image frame. Similarly, NanoFlowNet [34] is a CNN for dense optical flow that
aims at the obstacle avoidance task. It outputs per-pixel information about the ob-
stacles in the scene, yet it does not give any information about their class. Palossi
et al. [35] deployed a CNN for human pose estimation aboard a nano-drone, allow-
ing a drone to follow the movement of a human subject. However, this network is
not designed to recognize multiple subjects in the same frame or different classes of
subjects. In contrast, my work aims to deploy an object detector to a nano-drone
to detect multiple instances and classes of objects in its field of view.

Computer vision-based navigation techniques, based on complex feature extraction
pipelines [36] or simultaneous localization and mapping (SLAM) techniques [37],
are reliable for autonomous robotic navigation. Still, as SLAM-based approaches
have large memory requirements and rely on computationally intensive algorithms,
they are exclusive to large UAV systems carrying heavy and high-power embedded
computing systems [37].

The state-of-the-art autonomous exploration approaches for nano-drones, which
suffer from limited computational power and memory, take advantage of bio-inspired
(or bug-inspired) algorithms, which rely on lightweight state-machine-based algo-
rithms and low-power sensor readings[38]. For example, [39] compares two bio-
inspired exploration policies: the first changes the heading direction randomly after
detecting an obstacle, while the second follows the obstacle’s boundaries. Similar
to the second one, [38] implements a policy that follows the walls of a room, called
wall-following, while [40] describes a spiral motion. Moreover, there is a subcategory
of bug-inspired algorithms that uses ranging measurements for navigating towards
a target point [41, 42], even in the presence of obstacles. In my work, I adapt such
bio-inpired ranging-based algorithms to my flying nano robotic platform and, for
the first time, I integrate them with a visual object detection pipeline, evaluating
the effectiveness of the exploration policy within a search mission.

Focusing on the porting of object detectors on embedded systems, Tran Quang
Khoi et al. [43] deploy an SSD network (SSDLite-MobileNetV2) with a similar
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architecture as the one used in this thesis onto a RaspberryPi B3+ mounted on
a standard-sized drone. The model execution reaches 0.71FPS, lower than my
obtained throughput. More importantly, this solution exceeds both the power (up
to 3W) and size constraints of the nano-drone system considered in Chapter 4.
Lamberti et al. [19] presented an SSD algorithm for license plates detection on
a static multi-core MCU node (GAP8), achieving up to 1.6FPS with a power
consumption of 117mW. Starting from this previous work, I design and integrate
an SSD-based object detection CNN onto a nano-drone capable of exploring the
environment while detecting specific objects.

2.3 Automated Pest Detection Systems

In Section 2.1, I introduced the general background on neural network based object
detection algorithms, outlining their evolution. In this section, I specialize on their
application for the monitoring of pests in agriculture, focusing on the different sys-
tems that integrate such algorithms into field-deployable smart traps or monitoring
platforms.

Computer vision systems for codling moth detection can be broadly categorized into
two classes: cloud-based and edge-based approaches. In cloud-based systems,
images captured by in-field traps are transmitted to a central server for analysis,
typically using CNN-based classifiers. For example, Preti et al. [44] combined a
particle filter with a CNN leveraging morphological features of Cydia pomonella,
while Suarez et al. [45] implemented a two-stage pipeline with a Canny edge detector
followed by a CNN classifier, achieving 94.8% accuracy. Commercial solutions such
as TrapView 1 similarly rely on server-side image analysis, typically processing only
a few images per day.

Conversely, edge-based systems perform near-sensor processing directly within
the trap to minimize data transmission and energy consumption. Several works
employ high-end embedded boards: Suto [46] used a Raspberry Pi Zero W coupled
with LoRa communication, combining Selective Search with MobileNetV2 for clas-
sification, requiring 195 s per inference. Albanese et al. [47] integrated a Raspberry
Pi 3 with an Intel Neural Compute Stick to accelerate CNN inference, reaching 96%
accuracy at 5 W of power. Similarly, Vcirjak et al. [48] ran EfficientDet on a Rasp-
berry Pi 4, achieving 99.3% accuracy with 5 W peak consumption. While accurate,
these designs rely on multi-watt processors, limiting large-scale deployment.

Efforts toward ultra-low-power solutions include the ESP32-based system of

1https://trapview.com/
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Schrader et al. [49], which only captures and transmits images, and the OpenMV-
based approach in [20], using an STM32H7 MCU running Selective Search and
MobileNetV2 at approximately 500 mW. Brunelli et al. [2] proposed a GAP8-
based trap employing a Gaussian Mixture Model for motion-based detection and
a CNN classifier, consuming up to 52 J per transmitted image. A later work [50]
introduced a lightweight single-stage Viola–Jones detector on GAP8, halving the
execution time compared to the previous pipeline.

Building on these foundations, this thesis compares a traditional Viola–Jones detec-
tor and a CNN-based object detector on a novel heterogeneous MCU featuring
a dedicated CNN accelerator. The results demonstrate that, for the first time
in this application domain, a CNN-based detector can achieve comparable energy
consumption to a handcrafted algorithm (4.85mJ vs. 4.61mJ), narrowing the ef-
ficiency gap between classical and deep-learning-based approaches for near-sensor
pest monitoring in agricultural traps.

2.4 Video Object Detection

A first class of techniques for video object detection uses 3D convolutions instead
of 2D ones [51]. This conceptually simple approach is not real-time and demands
a large memory footprint to store high-dimensional activation tensors, exceeding
the memory available on low-end MCU systems. An alternative line of research
aggregates information across frames from region proposals obtained by two-stage
detectors: in [52] using optical flow, or convolutional-based trackers in [53, 54],
and transformer-based memory layers in [55]. However, the cost of region proposal
aggregation exceeds the available budget for MCUs.

A more lightweight group of techniques builds on top of one-stage detectors, like
the one presented in 2.1, by modeling the temporal correlation of detections. [56]
uses dynamic programming to link objects across frames based on the Intersection
over Union (IoU) metric. Seq-Bbox [57] and Motion-based Seq-Bbox [58] refine the
outputs of the underlying object detector using the temporally associated detection
information, marking a mAP of 80.9 and 72.7 , respectively, on the ImagenetVID
dataset (+6.9 and +5.5 mAP points more than frame-by-frame inference). Con-
versely, my work introduces a novel probabilistic algorithm for aggregating scores
over time, while these methods make the average and, differently from my solution,
do not achieve any thorough improvement concerning the baseline.

More recently, transformer architectures have also been widely adopted for VOD
tasks. The TransVOD Lite [59] uses Deformable DETR object detector [60] and
scores a mAP50 of 83.7 on ImagenetVID with a SwinT transformer backbone [61].
The latter features a total of 45.9M parameters and a computational cost of
8.89GMAC per frame, exceeding the resources of an MCU system. In the best
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configuration, TransVOD Lite achieves +3.5 mAP score vs. the object detector
baseline by processing a batch of 15 frames. This setting requires 272MB to store
the intermediate features (15× memory increases compared to single frame execu-
tion). If applied on individual frames, the method, instead, reduces the mAP by
3.6 w.r.t. the Deformable DETR detector. On the contrary, my method (i) does
not store multiple features across frames, but only the bounding boxes (9.5 kB) and
(ii) leads to an mAP increases vs. the baseline when running frame-by-frame, i.e.,
it does not require a batch of images for the inference.

YOLOV [62] uses a transformer on top of a YOLOX detector to fuse the features
extracted from multiple frames and refine the produced detection. This approach
reaches a mAP of 85.5 on ImagenetVID. However, tuning the transformer requires
a training stage, marking a significant difference w.r.t. my training-free method,
which can be applied to any pre-trained model without additional computation.

2.4.1 Increasing VOD Throughput

A set of methods proposed data-dependent DNN execution pipelines to skip part of
the inference operations based on the information carried by the input. The work
of Zhu et al. [63] introduces an auxiliary but lightweight network, called dynamic-
resolution network (DRNet), to determine the resolution of the input image before
running the inference. The policy predicts a higher downsize ratio for images with
“easy” objects to recognize. Concerning this thesis, I adopt a static resize policy
avoiding the 4.9M parameters overhead introduced by their DRNet, while achieving
similar efficiency gains (∼40%).

On the contrary, other works speed up the processing by considering the temporal
information and not only the content of a single frame. [64] avoids the computation
of the features from specific regions of the current frame by copying the features
computed in previous frames. They use an auxiliary lightweight ResNet-8 network
to predict the accuracy gain of computing new features vs. copying the previous
ones. Compared to this approach, I do not store the activations but only preserve
the detected bounding box coordinates from the analysis of previous ones. In the
case of the NanoDet-Plus network with a 320 × 320 px input image, this method
would lead to a memory overhead of ∼50MB vs. the 9.5 kB of my method. Further-
more, the ResNet-8 auxiliary network requires an extra training procedure using
reinforcement learning to learn an efficient policy.

Liu et al. [65] couple a large model with a small one (4.4M vs. 0.5M parameters).
Similar to my approach, they also interleave the two models’ execution, and to
recover from accuracy losses due to the smaller model, they placed an LSTM layer
to connect the detection performed across time. A similar idea is also employed
in [66], where they interleave different neural networks of varying complexity to
determine the pose of a person in front of a drone. These methods deploy the
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two models on the target platforms, increasing the memory cost compared to the
baseline single-model inference. On the contrary, my framework does not require
any extra parameters. It is applied to a pre-trained model, saving the cost of
training a family of scalable models for the interleaved execution.

2.5 Multi-channel Speech Enhancement

Speech enhancement algorithms deployed on MCUs have predominantly relied on
single-channel recurrent neural networks (RNNs). An early example is TinyL-
STM [67], deployed on the STM32F746VE microcontroller, where the authors
start from baseline LSTM-based SE architectures and progressively compress them
through structured pruning of hidden units, skipping RNN state updates, and 8-bit
quantization of weights and activations. Employing training-aware quantization to
reduce the degradation introduced by quantization. Another representative solu-
tion is given by the NNoM framework [68], which demonstrates the deployment
of the RNNoise [69] model on a single-core ARM Cortex-M MCU. Owing to its
compact GRU layers, roughly 87 thousand parameters, and carefully constrained
activation ranges, RNNoise can be effectively quantized to 8 bits with minimal loss
in quality. Both of these approaches, however, are limited to relatively simple mono-
core MCUs. In contrast, more recent work has explored multi-core MCUs such as
GAP9. For instance, Rusci et al. [70] introduced a mixed-precision deployment
scheme that quantizes recurrent layer parameters and activations to int8, while
retaining float16 precision for other tensors. This strategy achieves an almost
lossless deployment, with only a 0.007 degradation in STOI.

Despite these advances, all of the above methods remain restricted to a single-
channel SE, and none address the more challenging problem of deploying multi-
channel, beamforming-based SE pipelines under MCU-class resource constraints.
More recently, several neural architectures have been proposed for multichannel
SE [71, 72, 73, 74]. These approaches span a broad design space, from UNet-
like encoder–decoder structures [74] to Transformer-based models [71, 72, 73], and
demonstrate strong denoising capabilities. However, despite their promising accu-
racy and, in some cases, computational requirements comparable to those of my
pipeline [71], none of these methods have yet been deployed on real hardware plat-
forms. Conversely, in this thesis, I present an end-to-end deployed solution. This
brings multichannel SE with beamforming into an MCU-class device under realistic
deployment constraints.

Finally, I also report the work of Wanget al.[75]. They do not use the MVDR
beamformer for speech enhancement, but rather use it to estimate the position of
a sound source. They report taking 1.5 seconds to run the MVDR algorithm (6.5×
slower than my weight estimation step), falling short of real-time on a 200 MHz
PIC32MZ microcontroller.
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Chapter 3

Background

This chapter introduces the MCUs employed as computing substrates throughout
this thesis, namely the GAP8 and GAP9 SoCs developed by GreenWaves Tech-
nologies. These systems represent two generations of parallel and heterogeneous
MCUs designed for ultra-low-power edge computing, supporting a broad spectrum
of applications such as embedded vision, robotics, and sensor fusion. While the
subsequent chapters will detail specific deployment and optimization methodolo-
gies targeting these platforms, it is important to emphasize that the techniques and
principles discussed are general and can be applied to a wide range of modern het-
erogeneous MCUs, sharing similar architectural traits such as multi-core processing
capabilities, hierarchical memory organization, and specific hardware accelerators.

The chapter is structured as follows. Section 3.1 describes the architecture of
the GAP8 SoC, introducing its dual-domain organization and memory hierarchy.
Section 3.2 presents its successor, the GAP9, which extends the same architec-
tural principles while integrating specialized hardware accelerators for deep learning
workloads. Section 3.3 compares the two systems, highlighting the main architec-
tural advancements that make GAP9 a more capable and energy-efficient platform
for modern embedded Artificial Intelligence (AI) applications. In addition to the
architectural overview of the GAP platforms, this chapter introduces the software
toolchains that enable neural network deployment on heterogeneous MCUs. These
compilers bridge high-level models and optimized low-level code, managing tiling,
memory allocation, and data transfers to fully exploit the computational capabil-
ities of the GAP8 and GAP9 SoCs. Section 3.4 reviews the main deep learning
compilers for edge devices, with emphasis on the Autotiler tool.

25



Background

3.1 The GAP8 Architecture

The GAP8 SoC is a parallel microcontroller platform that combines a low-power
control core, the Fabric Controller (FC), with a programmable parallel accelerator
domain, the Cluster (CL), see Fig. 3.1A for a simplified representation of the ar-
chitecture. This dual-domain architecture enables the efficient execution of both
control-oriented and data-intensive workloads. The FC domain handles system
management, peripheral control, and lightweight tasks, while the CL is activated
dynamically to execute highly parallel computational kernels, such as those found
in Convolutional Neural Networks (CNNs) and Digital Signal Processings (DSPs).

The two domains communicate through a shared memory space, supported by
a hierarchical interconnect and hardware synchronization primitives. This allows
seamless offloading of compute-intensive functions from the FC to the CL without
explicit context switching or message passing overhead.

The Fabric Controller is an advanced MCU built around a RISC-V core extended for
energy-efficient digital signal processing. It includes an instruction cache, a fast on-
chip data memory, and a complete set of peripherals such as Quad Serial Peripheral
Interface (QSPI), Inter Integrated Circuit (I2C), Integrated Interchip Sound (I2S)
interfaces, enabling the parallel acquisition of images, audio, and vibration data.
Additionally, a four-channel Pulse-Width Modulation (PWM) controller supports
direct actuation, e.g., for drone motor control or robotic servos.

Peripheral data transfers are managed by a multi-channel Direct Memory Access
(DMA) engine, which minimizes the FC’s workload by handling block-level data
movement independently. The SoC provides up to 512 kB of on-chip L2 memory
and a ROM storing the boot code, which also implements a secured boot mechanism
based on eFUSE-stored keys. External memory expansion is supported through a
hyperbus double data rate interface.

The GAP8 employs a unified address space, allowing all cores to access any on-chip
memory. Access latency increases progressively across memory levels (L1, L2, and
external L3), and a multi-channel DMA controller is provided to asynchronously
transfer data between levels, thus hiding access latencies.

The cluster domain resides on a separate voltage and frequency island and is power-
gated when not in use. It contains eight RISC-V cores identical to the one in the
FC, which simplifies software portability across domains. The CL is designed for
highly parallel workloads, supporting shared-memory programming models such as
OpenMP.

The eight cores share a tightly coupled 64 kB L1 scratchpad memory, accessible in
a single clock cycle with low contention (below 10% on data-intensive kernels). An
optimized interconnect ensures high bandwidth between cores and memory banks,
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while a shared program cache improves efficiency for data-parallel code.

A hardware synchronization unit (HW Sync) manages fine-grained task synchro-
nization, barrier events, and thread scheduling. It also handles automatic clock
gating, ensuring that idle cores enter a fully gated state to eliminate dynamic
power consumption.

The GAP8 cores feature a four-stage in-order pipeline compliant with the RISC-V
IMC subset. To improve throughput on DSP-centric workloads, several custom ISA
extensions are implemented, including hardware loops, post-modified load/store
instructions, single-cycle multiply–accumulate and complex arithmetic, rounding
and normalization primitives, and SIMD operations on 8-bit and 16-bit vectors.
These extensions make the architecture particularly well-suited for low-power signal
and image processing.

3.2 The GAP9 Architecture

The GAP9, see Fig. 3.1B for a simplified representation of the architecture, is
the second generation in the GreenWaves family of parallel MCUs. It maintains
the dual-domain organization of its predecessor while improving energy efficiency,
increasing total on-chip memory and clock speed. In addition to the RISC-V cores,
it integrates a specialized convolution accelerator (NE16 ) and floating-point units
(FPUs), significantly improving throughput on mixed-precision neural workloads.

The host domain of the GAP9 is similar to the GAP8 one, presenting as only
difference a larger L2 memory, higher clock speed on the fabric controller, up to
370MHz. The cluster domain of GAP9, Fig. 3.1B, comprises nine RISC-V cores
(one more than GAP8) and a dedicated NE16 accelerator. The NE16 consists of an
array of 9× 9× 16 8×1-bit MAC units, capable of executing up to 150 8-bit MAC
operations per clock cycle. This results in up to a ∼5× speed-up for convolutional
layers compared to the CPU-only execution in GAP8.

Both the RISC-V cores and the NE16 share a tightly coupled 128 kB L1 scratchpad
memory accessible within a single clock cycle. The cluster DMA enables asyn-
chronous data movement between L1 and L2, ensuring high compute utilization.
By decoupling memory transfer from computation, GAP9 achieves very high oper-
ational efficiency when executing tiled CNN kernels or signal processing tasks.

3.3 Architecture Comparison Between GAP8 and
GAP9

Table 3.1 summarizes the main architectural characteristics of the GAP8 and GAP9
platforms, highlighting their evolution across generations.
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Figure 3.1. Simplified architecture of the GAP8 A) and GAP9 B) SoCs

Table 3.1. Comparison between the GAP8 and the GAP9 architectures.

GAP8 GAP9

RISC-V Cores Host + Cluster 1+8 1+9
On-chip L1 memory 64 kB 128 kB
On-chip L2 memory 512 kB 1.5MB
CNN Accelerator No NE16
Floating point hardware support No Yes
VDD 1.2V 0.8V
Max Clock Frequency Host 250MHz 370MHz
Max Clock Frequency Cluster 175MHz 370MHz
Fabrication Technology 65 nm 22 nm
Peak Efficiency 4.24mW/GOP 0.33mW/GOP

The GAP9 represents a substantial architectural evolution over GAP8. Its increased
on-chip memory capacity and bandwidth support larger and deeper neural networks
without relying on frequent off-chip memory accesses. The integration of the NE16
accelerator and FPUs extends computational flexibility across both integer and
floating-point domains, enabling mixed-precision neural inference at minimal energy
cost.

In summary, while GAP8 established the foundational architecture for energy-
efficient parallel computing on ultra-low-power devices, GAP9 extends this paradigm
toward AI-centric workloads by incorporating dedicated hardware acceleration and
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expanded memory resources.

3.4 Deep Learning Compilers for Edge Devices

Deep learning compilers for edge devices are specialized toolchains that translate
high-level neural-network representations, typically expressed in frameworks such
as TensorFlow, PyTorch, or ONNX [76, 77, 78], into low-level, hardware-specific
code, typically C, optimized for execution on resource-constrained microcontrollers
and embedded SoCs. For the architectures considered in this thesis, namely GAP8
and GAP9, deployment follows an ahead-of-time code-generation approach coupled
with explicit memory management. In this paradigm, the compiler analyzes the
network structure before execution and statically determines tiling, buffer place-
ment, and data-transfer scheduling to exploit the hierarchical memory architecture
of the target system. This strategy enables fine-grained control over the use of
on-chip and, when available, off-chip memory, which is essential for sustaining high
throughput within tight memory constraints.

Several frameworks have adopted this design philosophy, differing mainly in how
they model and optimize memory allocation and computation scheduling. DORY [79]
and Deeploy [80] formulate the tiling and buffer-allocation process as a constraint-
programming problem, maximizing on-chip memory utilization under layer-wise
resource limits. DORY focuses on static tiling strategies optimized for the small L1
memories typical of microcontrollers, while Deeploy introduces a bottom-up compi-
lation flow that integrates user-defined C kernels and applies code-generation passes
to manage tiling and allocation automatically. HTVM [81] and MATCH [82] ex-
tend this concept within the TVM ecosystem using the Bring-Your-Own-Codegen
(BYOC) interface [83], supporting accelerator-specific code generation for hetero-
geneous platforms. TelaMalloc [84] tackles the same challenge through a hybrid
heuristic-plus-constraint-solver approach that prioritizes layers with the highest
buffer concurrency to minimize contention and fragmentation in on-chip memory.

Among these frameworks, AutoTiler [85] generates tiled, memory-optimized C code
for the GAP8 and GAP9 RISC-V multi-core SoCs. It orchestrates data movement
across the memory hierarchy, leveraging the micro-DMA and cluster-DMA hard-
ware units to reduce overhead for transfers within and between L1, L2, and external
memories. As part of the official GAP software stack and specifically tailored to
these architectures, AutoTiler is used in this thesis to deploy the evaluated neural
networks.
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Chapter 4

Object Detection on a

Nano-Drone Using a RISC-V

Multi-Core MCU

In this chapter, I investigate the feasibility and practical limitations of executing
deep neural networks on resource- and energy-constrained parallel microcontroller
units (MCUs). Specifically, I focus on the GAP8 platform, a parallel ultra-low-
power processor representative of multicore embedded MCUs. The analysis builds
upon two experimental studies that collectively explore the trade-offs between com-
putational efficiency, model complexity, and task performance in embedded artificial
intelligence.

I begin by examining the deployment of a CNN for object detection, based on
the MobileNetV2-SSD architecture. The MobileNetV2 model introduces a width
multiplier parameter, commonly denoted as α, which uniformly scales the number
of channels in each convolutional layer. This parameter allows balancing com-
putational cost and model accuracy, effectively controlling the network’s depth
and representational capacity. By varying α across different configurations, α =
0.5,0.75,1.0, I evaluate the trade-off between execution latency and detection accu-
racy when executing on the GAP8 MCU.

The analysis reveals that while lightweight configurations yield faster inference (
4 3frames/s for α = 0.5 2.7× faster than α = 1.0, their accuracy degradation is
non-negligible for perception tasks of practical relevance (13% loss in mAP reach-
ing . Ultimately, the full-width configuration (α = 1.0) achieves the most favorable
performance-to-accuracy balance under the given hardware constraints, and it is
therefore selected as the baseline for subsequent experiments. Building upon this
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finding, I integrate the object detection network with an additional model dedi-
cated to obstacle avoidance, demonstrating that the concurrent execution of mul-
tiple perception tasks quickly saturates the available computational throughput.
This observation underscores the necessity of employing more capable embedded
hardware when high-throughput inference or multi-network integration is required,
a consideration that becomes particularly critical in autonomous robotic systems
where all computation must occur on-board.

The rapid evolution of the Internet of Thingss (IoTs) is driving the emergence of
intelligent, ultra-low-power edge devices capable of performing complex tasks in full
autonomy [86]. Among these, nano-sized UAVs represent a particularly challeng-
ing and promising class of systems. Their small form factor and lightweight design
enable safe operation in confined environments and close proximity to humans [35],
making them ideal candidates for applications such as indoor exploration, search
and rescue [87], and inspection. Achieving full autonomy in such platforms, how-
ever, requires integrating high-level perception and decision-making capabilities
under stringent energy and computational constraints [88, 89]. Since only a small
fraction of the total power budget (5-10%) can be allocated to computation [90],
these systems typically rely on low-power microcontrollers, which limits their ability
to execute demanding artificial intelligence workloads.

Inspired by the functional mapping of the different regions of human brains [91], I
address this problem by mapping multiple tasks on the two MCUs available aboard
my nano-drone, GAP8 SoCs, a Parallel Ultra Low Powers (PULPs) multi-core
processor and the STM32F405. The STM32F405 executes low-level control, sensor
interfacing, and estimation tasks, while the GAP8 acts as a co-processor dedicated
to CNNs inference .

The main perception task addressed in this chapter is object detection during au-
tonomous exploration of previously unseen environments. The detection pipeline
is based on a Single Shot MultiBox Detectors (SSDs) employing a MobileNetV2s
(MbV2s) backbone. The MbV2s architecture introduces a width multiplier param-
eter, α, which scales the number of channels in each layer to balance computa-
tional cost and accuracy. I deploy three detector variants—SSDs-MbV2s-α, with
α = 0.5, 0.75, 1.0,requiring 193 MMultiply-and-Accumulates (MACs), 358 MMACs,
and 534 MMACs, respectively. The networks are pre-trained on the OpenImages
dataset and fine-tuned on the Himax dataset collected with the onboard grayscale
camera to mitigate domain shift. Quantization-aware training (QAT) is applied to
convert the models to 8-bit integer precision, preserving accuracy while ensuring
compatibility with the GAP8’s hardware support for only integer operations.

The exploration task is carried out in two different modalities. In the first, a Time
of Flights (ToFs)-only policy uses four single-beam ToFs (front, back, left, right)
to produce reliable short-range, line-of-sight range measurements (<4m) that drive
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Figure 4.1. My fully autonomous prototype, based on a Crazyflie nano-drone.

a lightweight, reactive exploration controller. In the second, a mixed policy fuses
ToFs with a front-looking monocular camera processed by PULP-Dronet [33], a
compact CNN that estimates probability of collision from QVGA grayscale frames;
the two cues are complementary—ToFs provide precise near-field ranging while
vision extends the perceptual field and adds semantics.

Using my prototype (shown in Fig. 4.1), I first evaluate the baseline system. Under
the ToFs-only exploration policy, the drone covers on average 83% of a 36m2 indoor
area within 3min, flying at a mean speed of 0.5m/s. In the same setting, the vision
pipeline based on SSDs-MbV2s runs fully on-board the GAP8: the largest variant
(α = 1.0) sustains up to 1.6 frame/s at only 134mW, achieving 50% mAP on two
target classes. Across five independent closed-loop trials, the system recognizes
six object instances (two classes) with a mean detection rate of 90%. To the
best of my knowledge, this constitutes the first fully autonomous nano-drone that
jointly performs environment exploration, collision avoidance, and real-time object
detection relying exclusively on onboard sensing and computation.

I then assess the mixed ToFs+PULP-Dronet modality in a more cluttered environ-
ment. The additional visual collision cue, provided by the PULP-Dronet, improves
obstacle avoidance robustness (up to +60% over ToFs in dense scenes). However,
when this mixed avoidance stack is interleaved with the best SSD detector (α = 1.0)
on the same GAP8, the achievable end-to-end CNNs throughput remains bounded
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Figure 4.2. Bio-inspired Exploration policies: (A) Pseudo-random: inverts the
direction by a random angle. (B) Wall-following : keeps a fixed distance from the
perimeter. (C) Spiral : progressively increases the distance from the perimeter.
(D) Rotate-and-measure: moves along the longest free-space direction.

to 1.6Hz. In my field tests, this falls short of the ≥ 8Hz rate needed to keep
crash-avoidance probability above 80% at 0.5m/s. These results indicate that,
while multi-sensory fusion markedly improves safety in complex environments, sus-
taining mixed avoidance and high-accuracy detection concurrently calls for novel
hardware accelerators that can deliver higher computational throughput within
the same power envelope, enabling real-time execution of multiple complex deep
learning models.

4.1 Methodology

4.1.1 Robotic platform

The experimental validation of the work presented in this chapter is performed on
the Crazyflie 2.1 nano-quadrotor from Bitcraze1, This compact open-source drone,
widely adopted for research in autonomous flight, weighs approximately 27 g and
has a diameter of 10 cm. It integrates an STM32F405 MCU for flight control,
supported by a Bosch BMI088 inertial measurement unit (IMU) and an nRF51822
MCU for 2.4 GHz communication. Operating at up to 168MHz with 48 kB of
SRAM and 128 kB of flash memory, the STM32F405 manages all low-level control
functions, including sensor interfacing, state estimation, flight stabilization, and
closed-loop attitude and position control via an extended Kalman filter.

To extend sensing and computing capabilities, the platform is equipped with three
additional Bitcraze COTS printed circuit boards (PCBs): the Flow deck, the
Multi-ranger deck, and the AI-deck , see Figure 4.3 for a depiction of the
main components. The Flow deck provides optical-flow and height measurements
through a PMW3901 optical flow sensor and a VL53L1x ToFs module, improving
state estimation reliability and reducing drift. The Multi-ranger deck features five
single-beam VL53L1x ToFs distance sensors mounted on the drone’s top and sides,

1https://www.bitcraze.io/products/crazyflie-2-1
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Figure 4.3. The robotic platform structure: Crazyflie 2.1, Flow deck, Multi-
ranger deck, and AI-deck.

providing line-of-sight distance measurements in the 0m to 4m range at 20Hz, and
is used for obstacle detection and environmental mapping.

Finally, the AI-deck serves as the visual processing unit of the system, extending
the drone’s onboard computational capabilities. This PCB integrates the GAP8
system-on-chip (SoC),see section 3.1 for an in depth description, and includes a
low-power QVGA grayscale camera (Himax HM01B0) and external memories,8MB
of HyperRAM and 64MB of HyperFlash, used for buffering and model storage.

4.1.2 Multi-task integration.

I exploit my nano-UAV platform to autonomously explore unknown environments
while simultaneously avoiding obstacles and detecting specific target objects. To
achieve this goal, I separate the overall mission into three concurrent tasks: an
exploration task, an obstacle avoidance task, and an object detection task. Each
task is executed onboard, leveraging the computational resources provided by the
two MCUs, the STM32F405 and the GAP8.

The exploration task is responsible for navigating within an unknown space while
preventing collisions and maximizing environmental coverage. The STM32 man-
ages the exploration policy based on a lightweight state machine, as detailed in
Section 4.1.3. In particular, the STM32 continuously processes the ToFs measure-
ments provided by the Multi-ranger deck to estimate the proximity of surrounding
obstacles. These measurements are used by the exploration policies to determine
the next waypoint in terms of forward speed and yaw rate, thus generating the
high-level set-points that drive the flight controller.

Collision prevention in my system is implemented in two configurations: a range-
based method relying solely on ToFs sensors, and a multi-sensory fusion approach
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that combines ToFs and visual information.

In the first configuration, the ToF-only mode, the STM32 monitors the distance
measurements provided by the Multi-ranger deck and triggers reactive avoidance
maneuvers whenever the minimum measured distance falls below 1m. This configu-
ration enables simple yet effective obstacle avoidance based exclusively on geometric
proximity information, without relying on visual inputs.

In the second configuration, the multi-sensory fusion mode, I augment the range-
based information with visual semantics extracted from a lightweight variant of
PULP-Dronet, executed on the GAP8 SoC. The network is quantized to 8-bit
fixed-point precision, resulting in a memory footprint of 83.9 kB, and achieves a
throughput of 63 frames/second on the GAP8. During inference, up to 200 kB
of additional memory is used for intermediate activations. The CNN produces a
collision probability, which is transmitted to the STM32 via UART. A collision
is considered imminent if either the minimum ToF distance is below 1m or the
PULP-Dronet collision probability exceeds 0.7. In this configuration, the STM32
executes the final decision logic, combining both sensory inputs to issue avoidance
commands.

Finally, the object detection task runs concurrently with the other two, leveraging
the GAP8’s multi-core cluster to execute the convolutional neural network described
in Section 4.1.4. The GAP8 handles both camera acquisition and CNN inference,
outputting the pixel coordinates and class labels of detected objects. As a result,
the processing is done fully onboard, making the final closed-loop system completely
autonomous, i.e., with no external communication or computation.

4.1.3 Exploration algorithms

The four bio-inspired exploration strategies implemented in this chapter are sum-
marized in Fig. 4.2. Each policy uses distance information from three ToF sensors

Table 4.1. Mean Average Precision (mAP) of the SSD CNNs trained on Google
OpenImages and finetuned on the Himax dataset.

Testing
dataset

Fine-tuning Format
SSD size

1× 0.75× 0.5×
OpenImages no float32 59% 47% 43%

Himax no float32 50% 41% 29%
Himax yes float32 55% 46% 43%
Himax yes int8 50% 48% 32%
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Figure 4.4. Occupancy maps measured using the four exploration policies. Dur-
ing the experiments, the nano-drone flies at 0.5m/s. The color of any cell, which
represents a 0.5×0.5m area, indicates the time spent by the nano-agent in that
area (up to 18 sec). Black is used if the cell has not been explored.

positioned at the drone’s front, left, and right sides. To evaluate their effective-
ness, I record the drone’s motion within a 6.5m×5.5m environment equipped with
a motion-capture system operating at 50Hz. The workspace is discretized into
0.5×0.5m cells, and I visualize the spatial occupancy of the drone over a 3min
flight as a heatmap (Fig. 4.4). The four implemented policies are described below.

A) Pseudo-random. Inspired by the erratic motion patterns often observed in
natural organisms [39, 89], this strategy drives the drone forward until an obstacle
is detected within 1m. When this occurs, a random heading change greater than
±90◦ is applied (Fig. 4.2-A), reducing the chance of revisiting previously sensed
obstacles.

B) Wall-following. This algorithm constrains the drone to move along the room
boundaries, maintaining a fixed lateral clearance of 0.5m as measured by the side
ToF sensors (Fig. 4.2-B). Upon encountering a front obstacle, the drone performs
a ±90◦ rotation toward a free direction before continuing. By design, this strategy
explores only the perimeter, leaving the inner area unvisited.

C) Spiral. Here, the drone performs a sequence of concentric perimetral paths
(analogous to wall-following) with a gradually increasing offset from the outer
walls (Fig. 4.2-C). Once the center is reached, the pattern is reversed, progres-
sively shrinking back toward the starting position. The initial distance from the
walls is 0.5m, and it is incremented or decremented by the same step after each
lap, resulting in an expanding–contracting spiral trajectory.

D) Rotate-and-measure. This policy alternates two phases (Fig. 4.2-D). First, the
drone performs an in-place 360◦ rotation, sampling the front distance every 45◦.
Then, it proceeds toward the direction corresponding to the maximum measured
distance for up to 2m. This approach promotes exploration of the room’s central
area, though it tends to leave corners less frequently visited.
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4.1.4 Object detection algorithm design

The onboard object detection module adopts an SSD architecture with a Mo-
bileNetV2 backbone [25, 92], pre-trained on the OpenImages dataset [93]. The
backbone is followed by multiple detection heads responsible for estimating ob-
ject locations, categories, and confidence scores across feature maps of different
resolutions. To balance accuracy against computational cost, I deploy three model
variants by adjusting the MobileNetV2 width multiplier α. These configurations are
denoted as SSD-MbV2-α, where α = 0.5,0.75,1.0. The largest model (SSD-MbV2-
1.0 ) includes 4.67M parameters and requires 534MMAC operations per frame,
while the smaller SSD-MbV2-0.75 and SSD-MbV2-0.5 variants use 2.68M and
1.34M parameters, corresponding to 358MMAC and 193MMAC, respectively.

All models are trained to detect two object classes—bottles and tin cans—using
a curated subset of OpenImages. Since the dataset is unbalanced (1306 tin can
and 11306 bottle images), additional tin can samples are generated by horizontally
translating the originals by up to 10% of the image width. The final split includes
19142 training, 208 validation, and 663 testing samples, consistent with the original
dataset partitioning. To mitigate the domain gap between OpenImages and the
onboard camera images (Fig. 4.5), I further fine-tune the networks on a custom-
collected Himax Dataset, composed of 321 training and 279 test images.

Deployment on the GAP8 SoC requires 8-bit quantization. To preserve accuracy, I
apply quantization-aware training (QAT) using the TensorFlow Object Detection
API [92] with symmetric quantization, matching the integer arithmetic supported
by the target hardware. The final models are compiled into C code using Green-
Waves’ GAPflow toolchain2 limiting the L2 memory allocation to 250 kB.

4.2 Experimental Results

4.2.1 Object detection evaluation

The SSD variants are trained on OpenImages for 1200 epochs using RMSProp. I
adopt an initial learning rate of 8 · 10−4 with an exponential decay of 0.95 every
24 epochs and a batch size of 24. All images are resized to 320 × 240 to match
the onboard camera resolution. Training employs standard photometric augmenta-
tions—horizontal flip, brightness jitter, random crop, and grayscale—each applied
independently with probability 0.5. Prior to deployment, I fine-tune the SSDs on
the Himax dataset for 100 epochs (with QAT enabled), using a learning rate of
10−4 and the same 0.95 decay every 10 epochs.

2https://greenwaves-technologies.com/gapflow/
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Tab. 4.1 summarizes mAP (COCO definition [26]) across model scales on both
OpenImages and Himax test sets. On OpenImages, the largest network reaches 59%
mAP, up to +16% over the smallest model. When evaluated on Himax without fine-
tuning, the scores drop by 9%, 6%, and 14% for the three models, which I attribute
to the lower quality of onboard imagery relative to web images. Fine-tuning on
Himax recovers performance, with the best model attaining 55% mAP, narrowing
the gap to the OpenImages result. Under 8-bit quantization, the top post-QAT
mAPs are 50% and 48%, so I retain SSD-MbV2-1.0 and SSD-MbV2-0.75 for field
tests.

Tab. 4.2 reports runtime metrics on GAP8. I set 1.2V core voltage, 160MHz
for the compute cluster, and 250MHz for peripherals. SSD-MbV2-1.0 sustains
1.6FPS with 5.3 MAC/cycle. The 0.75× and 0.5× variants are 1.6× and 2.7×
faster, respectively. Peak AI-deck power is 143.5mW with SSD-MbV2-0.75, where
memory bandwidth and compute utilization are best matched; power reduces to
134.5mW for SSD-MbV2-1.0.

Table 4.2. SSD CNNs’ onboard performance.

SSD Parameters Operations Efficiency Throughput

1× 4.7M 534 MMAC 5.3 MAC/cycles 1.6 FPS
0.75× 2.7M 358 MMAC 5.9 MAC/cycles 2.3 FPS
0.5× 1.2M 193 MMAC 5.3 MAC/cycles 4.3 FPS

Figure 4.5. Comparison between an OpenImages sample (left) and an image
captured by the onboard Himax sensor (right).
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4.2.2 Exploration policies evaluation

I quantify each policy’s effectiveness by the coverage area (%) in the room from 4.1.3,
computed as visited cells over the total (143 cells). A cell is marked visited when
the drone’s center of mass lies within it. Each policy is tested at three mean
speeds—0.1m/s, 0.5m/s, and 1m/s—yielding 12 configurations. For each configu-
ration, I run five 3min flights, for a total of 60 runs (3 h flight time).

Fig. 4.6 shows mean coverage per configuration. Pseudo-random and spiral benefit
most from higher speeds: from 35% at 0.1m/s to 74%/82% at 0.5m/s, and to
80%/83% at 1m/s. Wall-following and rotate-and-measure modestly improve from
0.1m/s to 0.5m/s (+17% and +14%), with minimal change at 1m/s (+2% and
-1%). The perimeter-only nature of wall-following limits coverage (see Fig. 4.4-B),
while rotate-and-measure spends considerable time spinning and favors the central
area (Fig. 4.4-D).

4.2.3 In-field object detection and exploration tasks closed-
loop evaluation

I assess end-to-end performance by measuring detection rate with three bottles
and three tin cans placed in the same, obstacle free see Fig. 4.7, room setup as
Sec. 4.2.2 (one of each near the center, fmy near corners). Detection outcomes
depend on i) detector precision/throughput and ii) coverage (affected by flight
speed). Tab. 4.3 compares the two best SSDs (Sec. 4.2.1) across all policies and
speeds. SSD-MbV2-1.0 consistently matches or exceeds the 0.75× model, indicat-
ing accuracy dominates throughput in my setting (0.75× is faster but has lower
mAP).

Figure 4.6. Average coverage area (in %) for each exploration policy at mean
flight speeds of 0.1m/s, 0.5m/s, and 1m/s.
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Table 4.3. Average detection rate: 6 objects, 5 runs of 3 minutes each.

SSD
Flight

speed [m/s]
Detection rate

Pseudo
random

Wall
following

Spiral
Rotate and
measure

1.0×
0.1 27% 63% 67% 53%
0.5 90% 50% 73% 53%
1 83% 53% 70% 47%

0.75×
0.1 27% 50% 33% 47%
0.5 80% 37% 43% 50%
1 37% 27% 43% 33%

For SSD-MbV2-1.0, pseudo-random and spiral peak at 0.5m/s. This contrasts with
Sec. 4.2.2, where coverage favored 1m/s; here, 1m/s likely overwhelms the detector
given its 1.6FPS limit. Wall-following and rotate-and-measure underperform (max
63% and 53%), consistent with restricted coverage patterns.

Fig. 4.8 details the best configuration: pseudo-random at 0.5m/s with SSD-MbV2-
1.0. Average coverage over five 3min flights reaches 72% (variance 21%). A repre-
sentative run achieves 100% detection in 154 s (blue dots).

Finally, Tab. 4.4 reports the platform power profile, measured with the Power
Profiler Kit 2 (Nordic). Running SSD-MbV2-1.0, the AI-deck accounts for 1.67% of
total power; motors dominate at 91.31%. Crazyflie MCU and ToF sensors consume
the remaining 7.03%.

Figure 4.7. Environments for in-field testing. The test arena is 6.6x5.6m2 wide,
restricted to 1.95x4.5m2 for the narrow-corridor scenario.
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Table 4.4. Power breakdown of the robotic platform.

Motors CF elect. AI-deck Multi-ranger Total

Power [W] 7.32 0.277 0.134 0.286 8.02
Percentage 91.31% 3.45% 1.67% 3.57% 100%

4.2.4 Multi-sensory collision avoidance

I compare ToF-only collision avoidance with a combined ToF&PULP-Dronet ap-
proach. Fig. 4.7 depicts three environments: (A) obstacle-free, (B) obstacle-populated,
and (C) narrow corridor. Environments B/C include thin obstacles (chair legs,
tripods); C further introduces walls forming a 2×4.5m corridor. Flights start from
a known pose and use the pseudo-random policy (Sec. 4.1.3). I collect 5 and 10
runs in A and C, and 20 runs in B, at 0.5m/s and 0.3m altitude. Trajectories are
motion-capture tracked; collisions are manually annotated.

Table 4.5 lists success rates (collision-free missions), average collisions per minute,
and average coverage per minute. I also include a single-agent baseline from the
SniffyBug swarm [94], which relies on ToF. In the obstacle-free case, ToF suffices
(100% success), so PULP-Dronet was not tested. With clutter and narrow pas-
sages, ToF-only and SniffyBug struggle due to missed detections of thin obstacles
(20%/15% success in B; 0% in C). The ToF&PULP-Dronet system reaches 80%

Figure 4.8. Coverage area of the random policy over 5 runs (mean and variance).
Detection times for 6 targets (blue dots) are from a single run.
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Table 4.5. In-field obstacle avoidance performance exploration.

Env. Parameters SniffyBug ToF-only ToF&PULP-Dronet

obstacle
free

Crash-free rounds 5 /5 5 /5 -
Avg. crash/min 0 0 -
Avg. coverage/min[%] 20.7 22.4 -

populated

Crash-free rounds 4 /20 3 /20 16 /20
Avg. crash/min 1.8 1.5 0.2
Avg. coverage/min[%] 33.2 22.6 10.3

narrow
corridor

Crash-free rounds 0 /10 1 /10 7 /10
Avg. crash/min 2.6 2.4 0.4
Avg. coverage/min[%] 19.8 45.2 26.7

(B) and 70% (C) success. In the narrow corridor, ToF-only attains higher cover-
age/min (45.2%) than the combined system, as the latter slows to avoid predicted
collisions. Overall, augmenting ToF with CNN-based vision improves success in
cluttered settings from 20% to 80%.

4.2.5 Multi-tasking AI execution

Integrating PULP-Dronet (Sec. 4.1.2) with the best detector (SSD-MbV2-1.0, Sec. 4.2.3)
yields an interleaved throughput of 1.6 frame/s on GAP8. Table 4.6 details through-
put, parameter size, L2 use, and power for the exploration logic (STM32) and
both CNNs (GAP8). In this configuration, PULP-Dronet’s effective contribution is
throttled by the detector’s rate, which can degrade the gains observed in Sec. 4.2.4.

Figure 4.9. PULP-Dronet obstacle detection at varying throughput.
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Table 4.6. Embedding cost for the multi-task integration. The Parameters
are stored in the Flash Memory. Memory refers to the maximum usage of
the on-chip L2 memory.

MCU Task
Throughput

[Hz]
Parameters

[MB]
Memory

[KB]
Power
[mW]

STM32 Exploration policy 20 - 0.1 286

GAP8
SSD 1.7 4.67 250 134
PULP-Dronet 63 0.08 200 101
SSD&PULP-Dronet 1.6 4.75 250 133

To analyze throughput–avoidance trade-offs, I recorded 64 videos (10 FPS) of ap-
proaches to 8 obstacles (6 chairs, 2 tripods) from 60 cm at 0.5m/s, with at least 12
frames per clip and synchronized ToF. I sub-sample to emulate 1Hz–10Hz PULP-
Dronet rates and evaluate detection outcomes (Fig. 4.9). The ToF-only baseline
(0 FPS) is constant across settings. At 2 FPS, PULP-Dronet yields +17% over
ToF-only; between 3–6 FPS, gains rise from 34% to 51%; benefits taper at higher
rates, with 87.5% at 8FPS and a peak of 90.5% at 10FPS.

In summary, I demonstrated concurrent deployment of two CNNs on a nano-UAV
under tight MCU-class memory budgets. While this enables multi-task intelligence
reminiscent of tiny biological systems, the joint throughput remains bounded to
1.6FPS. Further gains would require either a more capable MCU or additional op-
timization of the dominant bottleneck, object detection, currently requiring 573ms
per inference.

4.3 Conclusions

This chapter has demonstrated that current multi-core MCUs are capable of execut-
ing complex workloads, such as object detection and concurrent neural inference,
within strict memory and power constraints. The nano-UAV experiments show
that such computational capabilities are sufficient to sustain multiple perception
and control tasks directly onboard, thereby enabling complete autonomous opera-
tion without external computation.

Nevertheless, the results also highlight that timing remains a critical limitation:
tasks strongly dependent on inference throughput, such as real-time visual per-
ception, are bounded by the available computational capability. Addressing this
constraint will require the adoption of more powerful and specialized hardware, to-
gether with a tighter hardware–software co-design approach to sustain higher-speed
execution while preserving energy efficiency.
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Chapter 5

Heterogeneous MCU for

On-Device Pest Detection

In the previous chapter, I analyzed the capabilities of modern multi-core MCUs,
showing that these devices can sustain increasingly complex workloads, including
convolutional neural networks, within tight memory and power budgets. Neverthe-
less, the evaluation also revealed the limitations that arise when executing compute-
intensive tasks entirely on general-purpose cores, particularly in applications where
latency is critical.

To overcome these constraints, recent embedded platforms have adopted a heteroge-
neous architecture that integrates domain-specific hardware accelerators alongside
conventional processing cores. Such accelerators range from classical functional
units, such as Floating Point Units (FPUs), to specialized computing engines opti-
mized for machine learning workloads. These heterogeneous systems offer substan-
tial gains in performance and energy efficiency, enabling the execution of complex
algorithms that were previously infeasible on baseline MCUs.

In this chapter, I investigate this new class of processing systems through the case
study of an automated pest detection sensor for precision agriculture. I target the
detection of the codling moth (Cydia pomonella), a major threat to orchard crops,
and employ the GAP9 SoCs as a representative heterogeneous MCU featuring both
general-purpose RISC-V cores and a dedicated neural acceleration engine.

The codling moth pest, scientifically known as Cydia pomonella, poses a significant
threat to global crop production, potentially causing up to 80% fruit abscission
in apple orchards [95, 96]. To prevent an excessive utilization of pesticides, it is
essential to promptly detect the threat and perform localized treatments only in the
affected areas [97, 98]. Given the size of the areas occupied by the orchard fields,
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A B

Codling moth
(Cydia 
pomonella)

Figure 5.1. A) Trap prototype for codling moths proposed in [1] and B) an image
sample taken from a trap deployed in the field [1, 2].

novel automated pest detection systems have become crucial to replace costly and
time-consuming human inspection [99].

Fig. 5.1-A shows a trap commonly used for codling moth detection [1]. The pro-
totype contains a sticky pad with a sex pheromone bait to attract the pests. An
internal camera records the trapped insects and sends the images (e.g., Fig. 5.1-B)
to a remote server for analysis. The presence of the pests is assessed by detecting
the codling moths using computer vision algorithms [100].

Because of the nature of the installation environment, the sensor system can only
be powered by batteries or energy harvesters, e.g., solar panels. This requirement
severely constrains the energy the individual electronic components like the image
sensor, the central processing unit, and the communication module can consume.
In particular, long-range transmissions of images typically require power-hungry
interfaces, such as a Global System for Mobile Communications (GSM) subsystem.
As reported by López et al., the GSM interface consumes 1.5 Watts in the active
state, which accounts for 66% of the total system power [101], thus significantly
impacting the lifetime of the battery-operated sensor (if I consider one image per
hour it would account for ∼20 months of operation of the sensor).

Thanks to this near-sensor processing approach, only a few bytes of information
reporting the pest counts are occasionally sent to the remote station. The low
data rate enables the usage of ultra-low power protocols such as LoRa [102], thus
reducing the communication power cost compared to naive sense-and-transmit sys-
tems [44].

On the processing side, Microcontroller units (MCUs) are commonly selected as
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the core devices of low-power sensor nodes [103]. These devices include single or
multiple CPU cores clocked at up to a few hundred MHz and up to a few MB of
on-chip memory. In my recent work [50], I showed an optimized Viola-Jones de-
tector for pest detection on the GAP8 System-on-Chip (SoC), an energy-efficient
MCU featuring a compute cluster with eight general-purpose RISC-V cores. This
method achieves a processing latency 51% lower than a previous computer vision
pipeline running on the same SoC [2], which combined a background subtraction
algorithm to localize the pests with a Convolutional Neural Network (CNN) for
classifying the detected objects. This thesis extends my precedent study [50]
by analyzing traditional vs. CNN-based image object detection algorithms for on-
device pest detection on a State-of-the-Art (SoA) MCU featuring a convolution
accelerator. This class of processing devices, not yet considered in the context
of pest-detection systems, has been recently introduced to speed up onboard an-
alytics tasks by 10-100× with respect to utilizing only a single general-purpose
core (e.g., ∼56× in [104] for CNN inference). I selected the GAP9 SoC, an
energy-efficient MCU that combines 10 general-purpose cores with a
dedicated hardware engine for CNN processing, as an example of this
novel class of heterogeneous platforms. I compare the efficient execution
of my optimized Viola-Jones detector with a CNN-based image object detector,
namely MobileNetV3-SSDLite (MBNV3-SSD), featuring 3.44million parameters
and a computational load of 584M Multiply-Accumulate (MAC) operations. Fi-
nally, the processing unit is coupled with a low-power image sensor and a LoRa
transmission module.

In summary, this thesis makes the following contributions:

• I compare a traditional Viola-Jones detector vs. a CNN-based approach for
detecting Cydia pomonella;

• I analyze latency-optimized versions of the two methods when running on the
SoA GAP9 SoC;

• I evaluate the system-level costs of the pest detection sensor using a duty-
cycling power management scheme.

My study shows that the Viola-Jones detector and MBNV3-SSD reach a similar
detection rate of, respectively, 81.7% and 83% on a first pest dataset. For a second
set of images with smaller-sized insects, the CNN-based detector can generalize
better than Viola-Jones, achieving a detection rate of 72%, +27% than the other
method. On the GAP9 SoC, my Viola-Jones algorithm completes the detection task
in 221ms over a 320×240 pixel image, which is 1.47× faster than the execution time
on GAP8, thanks to the higher clock speed (+37%) and the larger memory (+64 kB
of low-level memory) of the most recent processing unit. On the other side, the
MBNV3-SSD execution takes 147ms when using the convolution accelerator, 9.5×

47



Heterogeneous MCU for On-Device Pest Detection

faster than on the GAP8, which only uses the available general-purpose cores to
run CNN workloads. This speed-up is mainly explained by the higher inference
efficiency of GAP9 vs. GAP8, achieving a performance level of 10.9MAC/cycle
(7.2× higher than GAP8). Thus, my study indicates that the GAP9 heterogeneous
platform can enable on-board processing of accurate CNN-based pest detectors,
which was previously shown only on processing units with more than 15× higher
power consumption [20]. From a system-level perspective, I estimated a battery
lifetime of ∼199 days if the system is powered by a 1000mAh battery at 3.7V
and an image is analyzed every 30 seconds with a duty-cycled power management
scheme.

5.1 Background

5.1.1 Viola-Jones

The Viola-Jones algorithm [105] scans an image with a moving window and checks
for the presence of the target objects. The algorithm extracts the hand-crafted
Haar-like features for every image window by applying a set of rectangular filters
and then runs a multi-stage cascade classifier. The classifier consists of many simple
and computationally inexpensive tests, denoted as weak classifiers, which operate
on the Haar-like features. Every stage of the cascade classifier includes multiple
weak classifiers contributing to a final stage’s score. If this score is below a thresh-
old, the detection response on the current window is negative, and no detection
is performed. On the other side, a detection is made if all the cascade stages are
successfully passed. The set of filters of every stage and the threshold values are
determined by a training process fed by positive and negative samples. Instead
of operating on the image space, the original paper proposed an intermediate rep-
resentation, denoted as the Integral Image II, to compute the Haar-like features
efficiently. This integral image stores at every location (x, y) the sum of the pixels
of the input image, i.e., the total brightness level, in the rectangular area delimited
by (0,0) and (x, y). For example, in figure 5.2, the pixel A in the integral Image,
II[A], is the sum of the pixels in the area A of the input image. By precomputing
the integral image, I can easily calculate the integral of any arbitrary area in the
input image, which is the founding operation for the Haar-like features.

For example, the integral of the brown area in figure 5.2, is simply computed as
II[D] + II[A] − II[B] − II[C] = 156 + 16 − 40 − 68 = 32: the operation requires
only 4 read accesses in the memory independently of the size of the integral area.
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Figure 5.2. Example of the input image (left) and the corresponding integral
image (on the right). The values A-D of the integral image correspond to the
integral of the areas A-D in the input image (rectangles with matching letters and
colors). By precomputing the integral image, the integral value of the brown area
can be computed as II[A] -II[B]-II[C] +II[D].

5.1.2 MobileNetV3-SSDLite

Following the analysis performed by [106], I selected the MobilenetV3-SSDLite
model for the pest detection task as it represents the best compromise between
accuracy and network complexity. Other models with higher accuracy scores can-
not fit the memory resources (e.g., Retina-Net [107]) of my platforms or do not
feature predictable execution times (e.g., Faster R-CNN [21]), which is essential for
real-time embedded devices. MobileNetV3-SSDLite is a CNN-based object detector
that is composed of a feature extractor, also denoted as the backbone, and a regres-
sion (or classification) head [22]. More in detail, this model uses MobileNetV3 [108]
as the feature extractor and the SSDLite as the regression head [22]. Both the sub-
networks consist of multiple convolution layers. Each layer applies a convolution
filter over an input feature map, typically denoted as the activation tensor. The
activation tensor output is then passed to the next layer. Hence, the final net-
work result is obtained by propagating data through all the layers, also called the
inference task.

The MobileNetV3 and the SSDLite blocks rely on depthwise-separable convolu-
tion as the fundamental operator. Concerning standard 2D convolutional filters,
a depthwise-separable convolution is composed of a depthwise and pointwise con-
volution, reducing the number of filter parameters and operations by 86.8% in the
case of a 3 × 3 convolution with 16 input and output channels. More in detail,
the MobileNetV3 architecture includes Inverse Residual Blocks, which expands the
number of input features with a pointwise convolution. The produced feature maps
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are then passed to a depthwise convolution and finally compressed back with an-
other pointwise layer. A residual connection is added when the input feature size
matches the size of the output tensor. On the other side, SSDLite comprises four
depthwise-separable convolution blocks, each attending a diverse object size. This
regression head takes the features produced by the backbone and produces the
bounding boxes and classes of the object inside the image.

5.2 Methodology

5.2.1 On-device Processing Requirements

To determine the throughput requirement for on-device pest detection, I exam-
ine the operational role of a smart trap deployed in the field. Smart traps are
instrumental in relaying data on pest activity, which is crucial for implementing
timely and effective pest control measures. Based on this, I define two application
scenarios dictating the latency requirement for the processing task:

• Low-energy scenario. In this scenario, I perform detections at the same
frequency as pheromone sprays, one every 15 minutes [109], ensuring my plat-
form’s responsiveness while minimizing energy consumption. Thanks to this,
I can provide information on pest activity, which can be used to optimize
pheromone spraying, releasing higher concentrations only when pest activity
is detected and reducing unnecessary pheromone waste, as proposed in [110].

• High-frequency scenario. In this scenario, I increase the detection fre-
quency to one every 30 seconds to address the limitations of current pest
management methods, which rely on daily assessments of pest presence and
temperature [111, 112]. This higher detection rate fills a data gap, allowing
for more accurate analysis by correlating pest activity with environmental fac-
tors like airspeed and humidity. Since the presence of even a single moth can
trigger pest disruption methods [113], the capability to detect each new moth
entering the trap is necessary to improve my understanding of pest behavior
and improve current pest management techniques.

In both scenarios, the system must immediately transmit the pest count after de-
tection to activate the pheromone dispensers. From a system-level viewpoint, I
target a battery-powered node that can operate for the whole activity period of the
Cydia pomonella, around 4 months [112]. Due to its cost-effectiveness and low cost
(less than 10 dollars), I have selected a 1000 mAh battery as a system requirement
because this type of battery is commonly used in low-power sensor nodes [114, 115]
and IoT sensor nodes [116].

50



5.2 – Methodology

5.2.2 Accelerating Pest Detection on GAP9

This section describes the optimized deployment strategies of the pest detection
algorithms on GAP9; for the complete description of the platform, please refer to
Sec . 3.2. Both the Viola-Jones and the MBNV3-SSD CNN detectors are trained
on a custom dataset composed of 158 images (320×240) with a total of 1275 target
insects manually labeled. All the images were taken using an RGB sensor with
a resolution of 2048×1536 pixels under daylight conditions (from 8 am to 7 pm)
without employing any external illumination. Because the collected images contain
27 non-target objects (<1.6 % of the total amount of pests), of which only 3 in the
test split, my detection algorithms are designed to identify only objects belonging
to the Cydia pomonella category.

Viola-Jones

A 15-stage cascade classifier is trained using a variant of the AdaBoost algo-
rithm [105]. The training set is composed of the 20×20 patches of Cydia pomonella
cropped from the available images and a set of negative crops from a different im-
age dataset available online1. To account for the diverse sizes of the target objects,
I run the Viola-Jones algorithm over five scales of the original images. At every
iteration, the image resolution is scaled down by a factor of 1.1 in horizontal and
vertical dimensions. Detections larger than 30×30 pixels are discarded.

To run the Viola-Jones detector on the GAP9 MCU efficiently, I use the parallel
software code presented in my recent work [50]. In this implementation, the input
image is stored in the L2 memory, occupying 76 kB (320×240 INT8). Unfortunately,
the L1 memory is not large enough to fit the input data and the integral image,
which demands a total of 307 kB (320×240×4 byte/elements – INT32 values). To
solve this problem, I split the original image (and the scaled versions) into tiles of
size 100×240 pixels. Every tile is copied from the L2 to the L1 memory at runtime
and then processed. To account for potential detections between adjacent tiles, I
set an overlap of 20 pixels in the tiling logic for both the horizontal and vertical
directions.

The processing kernel takes an input data tile to compute a tiled version of the
integral image, which features a size of 96 kB and is stored in the L1 memory.
The CL cores then scan (in parallel) different regions of the image tile with a
20×20 sliding window. Every core invokes the cascade classifier to test if the
current window includes the target object. When a stage of the classifier returns
a negative response, the evaluation continues to the next window of the tile. The

1https://pythonprogramming.net/static/images/opencv/negative-background-images.

zip
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parallelization is operated over eight cluster cores; the ninth core works as the task
dispatcher. At the end of the analysis, the algorithm outputs a list of detections
described by their bounding box coordinates.

Convolutional Neural Network

The MobileNetV3-SSDLite object detection network features 3.44M parameters
and accounts for 584M MAC operations to process a 320×240 image. Similarly to
Viola-Jones, this detector outputs a set of bounding boxes, each associated with
a predicted class, i.e., Cydia Pomonella vs. background. The model is trained
for five epochs using my custom dataset with an 80-20% split between training
and validation, resulting in 127 and 31 images, respectively. Stochastic Gradient
Descent (SGD) is the optimizer with a momentum of 0.9, a weight decay of 5 ∗
10−4, and a learning rate of 0.005. The weights of the MobileNetV3 backbone are
initialized from a model pre-trained on the COCO dataset [26]; the parameters of
the SSDLite heads are instead learned from scratch. To deploy the CNN detector on
GAP9, I use the GAPflow toolset2. This software package takes the CNN model
description (ONNX format) and generates the inference C code. To use the NE16
accelerator, the model is first quantized to 8-bit using the post-training quantization
routine of the GAPflow, which takes a few samples from the training set (2 in my
case) to estimate the quantization range, i.e., the calibration process. The 8-bit
quantized parameters are then stored in the external FLASH memory.

At runtime, the inference program follows a layer-by-layer processing schedule. For
this task, I allocate one memory buffer in the L2 memory to store the layer operands
and a buffer in the L1 memory, serving to store temporary results. The sizes of these
buffers are, respectively, 1.2MB and 115.6 kB. Depending on the layer requirement,
the program can transfer the weight parameters from the external FLASH memory
to the on-chip L2 memory before the layer execution. Conversely, a layer’s input
and output activation tensors may be allocated in the on-chip L2 fast memory or
the external RAM.

Every layer function copies data (weights and activations) from the L2 (or external)
memory to the L1 buffer. It dispatches the processing job, e.g., a convolution
operation, on the NE16 engine or the general-purpose cores. The latter option is
selected if no convolution accelerator is available, like in the GAP8 SoC, or if the
accelerator does not support that layer. I also highlight the impact of the L1 and
L2 buffer sizes on the inference throughput. Generally, a larger L2 memory buffer
favors allocating more tensors on the on-chip memory, leading to a faster read and
write time than accessing data to/from off-chip memories. At the same time, an

2https://greenwaves-technologies.com/tools-and-software/
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Figure 5.3. System-level power management strategy. The system periodically
wakes up from deep sleep mode to capture and process an image. Then, the output
is sent via LoRa before going back to deep sleep.

increased L1 buffer reduces the number of copies from the L2 memory, lowering the
associated latency overheads.

5.2.3 System-level Power Management

The final pest detection system includes the GAP9 processing unit, a Himax
HM01B0 ultra-low-power camera sensor, which captures 320×240 pixels 8-bit grayscale
images, and a LoRa module, i.e., the HTCC-AB01 board by CubeCell, connected
via UART with the MCU. The latter relies on the AM01 module, which incorpo-
rates a low-power cortex M0 MCU with 16 kB of RAM running at 48MHz and the
SX1262 transceiver implementing the physical frequency modulation of the LoRa
standard.

Fig. 5.3 shows the used power management scheme to minimize the system energy
consumption. Following a duty-cycling scheme, the MCU wakes from deep sleep
using the internal real-time clock (RTC). In the active state, the system captures
an image and runs the pest detection algorithm. Lastly, the GAP9 MCU activates
the HTCC-AB01 board module to transmit the count of detected insects using the
LoRa protocol at an energy cost of 1mJ per byte sent. Once the transmission is
completed, the GAP9 receives an acknowledgment signal from the HTCC-AM01
module and returns to the deep sleep mode. I use this same execution scheme for
both my low-energy and high-frequency scenarios.
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Table 5.1. Detection accuracy on the near-ds and far-ds datasets.

Method Quantization near-ds far-ds

Viola-Jones int8 81.7% 45.0%
MBNV3-SSD float 88.0% 84.0%
MBNV3-SSD int8 83.0% 72.0%

5.3 Experimental Results

5.3.1 Detection Accuracy

I tested the effectiveness of the Viola-Jones and the MBNV3-SSD detectors on two
test sets, namely near-ds, which includes 11 samples with 196 target objects, and
far-ds, composed of 7 images for a total of 158 objects. The two datasets differ
by the distance between the sticky pad and the camera sensor. All the images
were taken using an RGB sensor with a resolution of 2048×1536 pixels. For a fair
evaluation of the characteristics of the low-power sensor of my system, I resize the
images of both datasets to 320×240 pixels and apply a greyscale transformation
with additive Gaussian noise to mimic the image quality of the Himax camera
sensor.

Tab. 5.1 reports the detection accuracies scored by Viola-Jones and MBNV3-SSD
when in full-precision (float) or quantized to 8-bit (int8). My metric assesses a
correct detection if the predicted bounding box overlaps a manual annotation (the
IoU score used by the COCO metrics [26] is set to 0.01). The Viola-Jones algorithm
achieves a detection accuracy of 81.7% on the near-ds but only scores 45% on the
far-ds dataset. I motivate this gap with the poor generalization capacity of the
Viola-Jones algorithm: the training set shows a higher correlation with the near-ds
than the far-ds set. On the other side, the float baseline of the MBNV3-SSD
detector reaches a superior detection accuracy compared to Viola-Jones in both
datasets: 88.0% and 84.0% for, respectively, the near-ds and far-ds. The post-
training quantization process introduces an accuracy drop, reaching −12.0% for
the far-ds case. On the other dataset, the degradation in performance is limited
to −5%, possibly also explained by the reduced difference between the training
and test domains. As an illustrative example, Fig. 5.4 shows the outputs of the
float vs. int8 models on reference samples from the two sets, highlighting the
miss-detections of the quantized model.
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Figure 5.4. CNN-based pest detection on the image samples from the near-ds
(upper row) and far-ds (bottom row) testsets. Outputs from the baseline float
model (left) are visually compared with the detections of the int8 quantized model.
The red crosses mark the miss-detections.

5.3.2 Latency Analysis

Tab. 5.2 reports the memory usage and the latency measured when executing the
Viola-Jones and MBNV3-SSD on the GAP9 SoC with the NE16 accelerator. For
comparison purposes, I also report the measurements on the GAP8 MCU, where the
CNN inference task runs on the eight general-purpose cores of the cluster (indicated
by CL in the table). Both chips are configured in their best energy-efficient point:
the clock frequency of GAP9 is set to 240MHz with an operating voltage of 0.65V
while GAP8 operates at 175MHz at 1.2V.

The Viola-Jones algorithm requires 384 kB of L2 memory for the input and the
integral image. The L1 memory stores an image tile (the tiles size is 100×240 on
GAP9 vs. 100×120 on GAP8), with a maximum occupation of 99.6 kB and 51.6 kB,
for respectively GAP8 and GAP9. The parameters of the cascade classifier, also
preserved in the low-level memory, occupy only 3.56 kB. No external memory is
required. On the other hand, MBNV3-SSD uses the off-chip FLASH memory to
permanently store the network parameters for a total of 3.44MB. As described
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in Sec. 5.1.2, I allocate an L2 buffer for (part of) the parameters, the activation
tensors, and an L1 array acting as the working memory. Additionally, an array
of 1.6MB is allocated in the external RAM for the input and output activation
tensors not fitting into the L2 memory.

Tab. 5.2 also reports the number of clock cycles spent for the algorithm executions.
For the CNN, I also detail the ratio between MAC and clock cycle (MAC/cycle in
the table) as an efficiency indicator. Overall, the execution is 1.43× and 9.5× faster
on GAP9 than executing, respectively, Viola-Jones and MBNV3-SSD on GAP8. On
the latter device, my parallel Viola-Jones software outperforms the CNN execution
by 4.43×. Thanks to the CNN accelerator, GAP9 achieves a processing time of
147ms for the MBNV3-SSD execution, 1.5× lower than the Viola-Jones latency.
Fig. 5.5 gives insights into the CNN inference latency measurements on GAP8
and GAP9 when varying the sizes of the L2 and L1 buffers and when using the
general-purpose cores or the NE16 accelerator as the principal compute engine
(indicated, respectively, with CL and NE16 in the figure). In the plot, I break
down the processing time with respect to the memory locations of the operands
of the different layers. More in detail, I distinguish between the total latency of
the layers whose inputs and outputs are in the L2 memory (indicated as L2 on
the plot, in blue) and the layers that fetch input data from the external memory,
highlighting the cases that use 1D or 2D memory transfers, respectively in orange
and grey.

When comparing the GAP8 vs. GAP9 execution in the CL setting under the
same memory budget (46.7 kB of L1 and 267 kB of L2), the higher clock cycle
count on GAP8 is due to not-optimized 2D memory transfers from the external
memory (4.6× slower read time). When increasing the memory sizes of the L2
and L1 buffers on GAP9, a 1.4× speed-up is achieved mainly thanks to the higher
bandwidth of the on-chip vs. the external memory. In this case, the workload of the
layers whose inputs are in the L2 memory dominates the total number of operations
(93% of the total) and the total execution time (79% of the clock cycles). These
layers’ MAC/cycle ratio also increases by +10% on average concerning the low-
memory configuration due to the larger tensors stored in the L1 memory buffer.
Lastly, the NE16 accelerator further boosts the system efficiency by 1.7×. The
speed-up is lower than the theoretical peak because of two main reasons. The non-
linear Hsigmoid function featured by MobileNetV3 is not natively supported by
the accelerator. Hence, it must be executed on the general-purpose cores. Second,
the depthwise convolutions underuse by 1/16 of the NE16 compute engine.

5.3.3 Energy Analysis

In Fig. 5.6, I estimate the energy consumption of my system during an active
cycle that includes the camera capture, the object detection, and the LoRa wireless
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Table 5.2. Memory Footprint and latency.

Method Platform
L1
[kB]

L2
[kB]

extRAM
[MB]

extFLASH
[MB]

Latency
[M cycles ]

MAC/
cycle

Viola-Jones
GAP8 (CL) 51.6 384 – – 55.0 –
GAP9 (CL) 99.6 384 – – 52.3 –

MBNV3-SSD
GAP8 (CL) 47.6 267 1.6 3.44 255.3 1.5

GAP9 (NE16) 115.6 1200 1.3 3.44 35.3 10.9
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Figure 5.5. Latency analisys of the MobileNetV3-SSDLite execution on GAP8
and GAP9 under varying L1 and L2 memory budgets.

transmission. In the plot, I break down the energy costs for the image sensor,
the MCU, namely GAP8 or GAP9 running Viola-Jones or the MBNV3-SSD, and
the LoRA module described in Sec. 5.2.3. First, the energy consumption of the
camera sensor is negligible with respect to the other system costs. On GAP8, the
CNN compute cost is ∼10× higher than the transmission cost (161mJ vs 17mJ).
I account for the radio’s cost to transmit 4 bytes for the pest count and 13 bytes
of the LoRaWAN protocol overhead. With Viola-Jones, the energy consumption
gap decreases, but the processing (31.8mJ) still presents the largest energy cost.
On the other hand, the energy consumption of the GAP9 SoC, which I measured
on an evaluation board comprising the external memories, is 7× and 34× lower
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Figure 5.6. Energy consumption of the system during an active cycle composed
of camera acquisition, processing, and transmission of the result.

than the energy consumption of the GAP8 MCU for the execution of, respectively,
Viola-Jones and MBNV3-SSD. The 59% of this improvement is explained by the
micro-architectural innovations of GAP9 vs. GAP8, i.e., more memory and the
NE16 accelerator, reducing the clock cycle count.

The rest can be instead attributed to the lower power consumption of GAP9, reach-
ing 20.5mW and 33mW for Viola-Jones and the CNN processing, the latter includ-
ing also the energy consumption of the external memories. On GAP8, I measured a
power consumption of 79mW instead. From a system-level viewpoint, the energy
cost of the GAP9 processing unit is approximately ∼ 3.5× lower than the transmis-
sion cost, thus enabling energy-efficient near-sensor pest detection with a minimal
impact on the overall energy cost. This solution presents a consumption higher of
only 0.24mJ with respect to the lightweight Viola-Jones algorithm while providing
a higher accuracy (+1.3% and +27% respectively for the near-ds and far-ds)

5.3.4 Comparison vs. State-of-the-Art

I evaluate the energy consumption of my method in a complete system composed
of a camera, the MCU with its external memories, and a LoRa transmitter as
described in Sec. 5.2.3. Tab. 5.3 compares my solution with other SoA camera-
based systems for codling moth detection that use MCUs for onboard processing.
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The table outlines the computer vision algorithms employed and their processing
and transmission costs during the active state. It also details the total daily energy
consumption, which accounts for the energy spent in active and deep sleep states,
and the energy needed to load the DNN’s weights from the external to the on-device
memory. I adopt a transmission policy for the system-level evaluation that sends
the pest count after detection, acting as a live report within the final application
scenario.

The method by Suto [20] reaches a detection accuracy of 82%, similar to my so-
lution, despite not being directly comparable because of the diverse dataset (not
publicly available). Their MCU, the STM32H7, consumes 30 J of energy for a
MobileNetV2 inference, 6300× higher than my best solution executing a similar
workload, Their MCU, the STM32H7, consumes 30 J of energy for a MobileNetV2
inference, 6300× higher than my best solution executing a similar workload, leading
to a daily consumption 6.9× higher than my CNN and a battery lifetime of only 4.6
days in the low-energy scenario. Furthermore, the platform requires 1 minute to
perform the inference, which does not match the requirements of the high-frequency
scenario.

In contrast, the accuracy score (93%) reported by [2] only refers to the classifica-
tion of a set of patches extracted from the frames of my same dataset. However,
the background subtraction algorithm, which serves as a patch extractor, can lead
to the misidentification of significant patches, thereby compromising the overall
accuracy of the pest count. Variations in luminosity can result in the misclassi-
fication of these patches, a problem to which CNNs have demonstrated greater
robustness [117]. Unlike background subtraction, which relies solely on detecting
differences between frames, CNNs do not suffer from the inability to recover from
false negatives. If a pest is not detected in the initial frame when it enters the trap,
the background subtraction algorithm may subsequently classify it as part of the
background, preventing its detection in future frames. In contrast, CNNs, which
analyze each frame independently, are not subject to this limitation. For these
reasons, the detection accuracy of my method is not directly comparable with the
score reported in [2]. A fairer comparison between my methods is to apply their
CNN, patch by patch, to the whole image, giving us an energy consumption of
31.5mJ (6.6× more than ours). Lastly, my object detection algorithm deployed on
the GAP9 platform consumes 4.85mJ of energy. This is only 1.35mJ more than
the energy consumption reported in [2], which used a low-frequency operating point
(50MHz) on the GAP8 platform. However, it is important to note that [2] did not
account for the energy cost of the external memories.

Since the system described in [2] transmits image patches upon detection, its daily
energy consumption is 1728.7 and 1719.0 J for the high-frequency and low-energy
scenarios, respectively. In this estimate, I considered the transmission cost from [2]
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and an average of approximately 33 codling moths detected per trap per day, as
reported in [118]. To fairly compare this system with my work, I calculated the
energy consumption in the case my node sends an image after every detection (a
total payload of 12.7 kB that includes a JPEG-compressed image and the overhead
of the LoRaWAN protocol). Given that my LoRa module consumes 1mJ per byte
sent, the total energy consumption is 12.7 J per image. For 33 detections per
day, as reported in [118], my system’s daily energy consumption is 445.0 J in the
high-frequency scenario and 423.4 J in the low-energy scenario. This daily energy
consumption is approximately 3.9× lower than the system described in [2] under
the same conditions. Considering that I send only pest counters with the same
frequency of detections, the energy consumption of my system is reduced by 6.5
times compared to sending the frame if a detection is made, achieving a lifetime of
199 days.

GAP9 achieved a 7× reduction in processing energy compared to my previous
work [50], which used GAP8 as the main processing unit. This significant reduc-
tion in processing cost decreases the daily energy consumption by 76.2 J for high-
frequency and 1.9 J for low-energy scenarios. The proposed system can achieve a
lifetime of 170 days for MBNV3-SSD and 199 days for Viola-Jones in the high-
frequency scenario, and 2257 days for MBNV3-SSD and 2296 days for Viola-Jones
in the low-energy scenario when sending pest counts at the same frequency as de-
tections. In both scenarios, this exceeds the expected activity period of Cydia
pomonella of approximately 120 days [112].
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Chapter 6

Application Specific Acceleration

for Heterogeneous MCUs

In this final chapter, I apply the hardware–software co-design methodology to two
workloads, Speech Enhancements (SEs) and VODs , illustrating how the care-
ful alignment of algorithmic structure with architectural capabilities enables effi-
cient execution of complex workloads on ultra-low-power platforms. The proposed
methodology emphasizes tailoring computation to the available hardware resources
and exploiting the peculiarities of the application itself, balancing numerical preci-
sion, energy efficiency, and real-time responsiveness within the constraints of het-
erogeneous microcontroller-class systems.

For VODs, Sec. 6.1, I preserve floating-point inference on the on-chip FPU and
introduce a multi-resolution policy that interleaves full- and low-resolution frames
to lower per-frame cost. A Kalman-based tracker exploits temporal continuity to
maintain object identities across frames. I also add a probability-based Rescore
mechanism that corrects early or sporadic classification errors: class posteriors for
each tracked trajectory are updated over time using detector confidences (and their
reliability at different resolutions), so that transient misclassifications are down-
weighted while consistent evidence accumulates. This probabilistic refinement,
coupled with tracking, recovers accuracy lost to low-resolution passes and stabi-
lizes category assignments without additional parameters or retraining.

For multi-channel SEs, Sec. 6.2 via neural beamforming, Sec . 6.2, I split the pipeline
by sensitivity to numerical precision. A lightweight convolutional network, run in
int8 on the NE16 accelerator, produces time–frequency masks that estimate speech
and interference components and provide reliable statistics for spatial filtering. The
subsequent Minimum Variance Distortionless Responses (MVDRs) beamformer are
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executed in float32 to preserve numerical stability: they estimate spatial covari-
ance matrices from the masked spectra and compute filters that suppress noise
while preserving the integrity and directionality of the speech signal. This division
of labor is complemented by an interleaved execution strategy, wherein beamform-
ing is performed concurrently with the computation of new weights by the neural
network. In this way, the pipeline exploits quantization-tolerant network inference
in the mask-estimation stage while dedicating floating-point precision to the covari-
ance inversion and constraint enforcement processes that are numerically delicate,
achieving both real-time performance and stable enhancement quality.

6.1 Video Object Detection

A Video Object Detection (VOD) algorithm identifies objects in a video stream by
reporting their categories and the corresponding coordinates in the image space.
This function is critical for various cyber-physical systems like surveillance cam-
eras [119] and miniaturized (as big as the palm of a hand) drones [120, 121]. These
systems typically integrate a camera with an ultra-low-power embedded proces-
sor, i.e., a low-cost Microcontroller Unit (MCU). Compared to other edge/mobile
processors (e.g., Nvidia Tegra, Raspberry Pi, Qualcomm Snapdragon, etc.), MCUs
feature a 10-100× power consumption to enable battery-powered operations (also
referred to as the extreme edge computing [122]). On the other side, these devices
present a limited on-chip memory (typically a few MB) and low computational
power [123]. These severe limitations challenge the design of high-throughput VOD
systems using compute-intensive accurate vision algorithms.

Recently, VOD was shown on multi-core MCUs [123] using lightweight (i.e., with
a low memory budget) Deep Neural Network-based (DNN) object detectors with a
simple frame-by-frame analysis [120, 19, 121]. For every frame of the image stream,
the DNN inference task returns a list of output detections with confidence scores
between 0 and 1. For example, Fig. 6.1 shows the output of the recent NanoDet-
Plus object detector [3] featuring 1.17 million parameters when applied over three
consecutive video frames. The precision-recall tradeoff is adjusted by thresholding
the confidence scores, as shown in the figure: a higher threshold value leads to
fewer false positives (higher precision) or undesired miss-detections (lower recall).
From a computational cost perspective, a common strategy to reduce the number
of operations per frame, and thus increasing the processing throughput, consists of
feeding the model with low-resolution (low-res) input images [124, 63], e.g., -296M
Multiply-Accumulate (MAC) using 2.8× smaller images in my example.

To tackle this problem, this thesis proposes Multi-Resolution Rescored ByteTrack
(MR2-ByteTrack), a method that transforms an image object detection model into
a full VOD algorithmic pipeline, simultaneously improving the detection accuracy
and reducing the overall computational cost with respect to a näıve frame-by-frame
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Figure 6.1. Video object detection using NanoDet-Plus [3] object detec-
tor under multiple thresholds and input size settings vs. the proposed
MR2-ByteTrack solution.

processing pipeline. MR2-ByteTrack combines an off-the-shelf DNN object detec-
tor with an extended version of ByteTrack [125]. This lightweight Kalman-filter-
based tracker updates the output detections based on the object instances already
detected by the DNN. Because the original ByteTrack [125] lacks recovery mecha-
nisms from misclassification (e.g., a cat is tracked as a “dog” if wrongly predicted
at the beginning of the video sequence), I propose a novel Rescore algorithm to
refine classifications over time, according to a probabilistic logic.

My approach adopts a Multi Resolution Inference scheme to reduce the per-frame
workload, inserting low-resolution (low-res) frames between full-resolution (full-res).
As shown at the bottom of Fig. 6.1, my MR2-ByteTrack leverages the temporal
correlation of detections in consecutive frames to recover the accuracy drop of low-
resolution inferences. When deployed on a multi-core MCU, this method incurs
no additional memory cost for parameter storage compared to a single-resolution
inference scheme, as the same object detection DNN is applied to both full and
low-resolution frames.

In summary, this chapter makes the following novel contributions:

• The MR2-ByteTrack framework, combining an off-the-shelf DNN-based object
detector for multi-resolution inference, the ByteTrack Kalman-based tracker,
and the Rescore method to refine category assignment of tracked frames, re-
ducing misdetections and misclassifications;
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Figure 6.2. Overview of the proposed Multi-Resolution Rescaled ByteTrack al-
gorithm for video object detection.

• The first embodiment of a multi-resolution VOD pipeline on an ultra-low-
power MCU, Greenwaves Technologies (GWT)’s GAP9, showing a better
accuracy-throughput tradeoff than single-resolution inference VOD systems.

I validate my proposed MR2-ByteTrack method using three State-of-the-Art (SoA)
tiny object detectors: YOLOX-Nano [28], NanoDet-Plus [3], and EfficientDet-
D0 [27], all off-the-shelf pretrained on the COCO dataset [26]. Across the Ima-
geNetVid [126] validation set, MR2-ByteTrack improves mean Average Precision
(mAP) scores compared to the object detector baselines by up to 5.17% and the
F1 score by 3.58% if applied only on full-res frames. If, instead, I interleave for
each full-res frame two low-res frames, the mAP improvement is +2.16% while the
average MAC computational costs are reduced by up to 43%.

I deployed my multi-resolution VOD strategy, using the on the GAP9 MCU pro-
cessor featuring a 9-core compute cluster at a peak power cost of up to 72mW, also
considering the external 32MB and 8MB MB FLASH and RAM. Compared to the
baseline object detectors [28, 3, 27], MR2-ByteTrack achieves up to 1.76× lower
inference latency with no increase in the DNN’s parameters footprint (2.24MB for
the largest model) and only a modest increase in code size (+186 kB), thus en-
abling high-accuracy VOD on milliwatt-power extreme-edge devices. Also, when
compared to the SoA YOLOV method [62], my MR2-ByteTrack shows the same
F1 score but saves the memory and computes overheads (14% and 21%) of the
transformer-based front-end that differently, from my ByteTrack module, demands
an ad-hoc training process.
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6.1.1 Method

Multi-resolution Rescored ByteTrack

The MR2-ByteTrack algorithm in Fig. 6.2 combines three different components:
(i) a vision-based Convolutional Neural Network (CNN) object detector that takes
in input images of different sizes; (ii) the ByteTrack tracking algorithm [125]; (iii)
the novel Rescore algorithm to update the detection scores returned by ByteTrack.

Multi-resolution Object Detector Backbone

I design my framework around existing pre-trained single-shot object detectors. In
my formulation, the detection algorithm includes a lightweight CNN model, i.e.,
the backbone, to analyze the image frames of a video sequence in real-time. Given
a frame F at time t, I indicate the set of detections the processing task returns as
{Di}Ni=1, where N is the total number of objects detected within the current frame.
Each detection Di is described by a triplet (bboxi, cli, confi): a bounding box bbox,
a class index cl and a confidence score conf < 1. Detections with a confidence score
lower than a low threshold are discarded, while the others are retained for further
processing.

Since I employ a CNN-based backbone, I can interleave one full-res image (e.g.,
320×320 px in my setup) with P low-res ones (e.g., 192×192 px). This way, I can
trade detection accuracy for fewer MAC operations. Thus, the average number of
MAC operations per frame becomes:

MAC = ρ ·MACfr + (1− ρ) ·MAClr (6.1)

Where ρ = 1
1+P

, MACfr and MAClr represent the number of MAC operations
required to execute the inference on one full-res and one low-res frame, respectively.
Because the inference task utilizes the same network parameters in both low and
full-resolution cases, the weight footprint remains the same as with single-sized
frames. In fact, the convolution layers of the CNN models can apply to any scale
of input images or feature maps. As an example, a 3x3 filter can slide over a
larger feature map to produce a wider output tensor, corresponding, eventually, to
a higher number of detections.

ByteTrack Tracker

Näıve frame-by-frame object detectors can not exploit any temporal correlation
between frames, i.e., detections in consecutive frames are likely to stay the same
or similar. I use the ByteTrack [125] tracker to exploit this correlation, recover-
ing for performance losses due to down-scaling (i.e., low-res images) and possibly
improving the precision and recall of a frame-by-frame baseline (see Sec. 6.1.5).
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The backbone’s detections {Di}Ni=1 are fed to the ByteTrack algorithm based on
a Kalman filter for every frame. In its original formulation, at time-step t, Byte-
Track operates on a list of M instances: {Tj}Mj=1, i.e., one instance for each tracked
object. Like for detections, each tracker instance (Tj) is described by a triplet
(bbox kfj, clj, confj). bbox kfj is the bounding box predicted by a Kalman filter
fed with the backbone’s detections. clj and confj are the class index and confidence
scores associated with tracked objects, respectively.

To correlate the detection performed over time, ByteTrack matches the bbox bound-
ing boxes of {Di}Ni=1 and the predicted bbox kf ones of {Tj}Mj=1, using a cost matrix
determined by Intersection-over-Union (IoU) scores. An IoU threshold of 0.3, as
proposed in the original paper, sets the minimum value to determine a match be-
tween a detection and a tracker instance. Unlike the original implementation, I
do not adopt any feature-matching criteria to associate tracker instances and de-
tections: the spatial size of the feature maps to match changes over time in my
multi-resolution framework. A tracker instance is marked active after a minimum
number of consecutive detections has occurred (two in my setting). At the same
time, it is removed from the tracker list if it was never updated during the last five
time steps. After matching, the detection bbox updates ByteTrack’s Kalman filter.
The remaining detections not matched with any existing tracker instance produce
a new one if their conf score is higher than a tuned high threshold.

In the original ByteTrack algorithm, the class index clj and the confidence score
confj of active tracker instances are never updated after the match with a new
detection. I chose to modify this logic to better cope with the multi-class nature
of VOD: specifically, I update clj and confj if the confidence score of the matched
detection is higher than the high threshold value.

Rescore Algorithm

I augment ByteTrack with the Rescore algorithm to improve the estimation of the
class index and confidence scores of an active tracker instance by accounting for
the history of matched detections. To this aim, I extend the tracker instance Tj

with a class status attribute confaggj , which models the probability of the tracker’s
class cl to be correct. The confaggj value aggregates the confidence scores conf
of the detections assigned to the j-th tracker instance until time t − 1. During
this aggregation, the conf value is interpreted as the probability that the object’s
predicted class is correct in the current-frame detection.

When a new detection Di is assigned to the tracker instance Tj at time t, the class
index clj is rescored based on confaggj as shown in Algo. 1. If the class index cli is the
same as clj, I only update the confaggj value, as the match confirms my confidence
in the correctness of the classification. I use the product of the opposites of confaggj

and confi as the new value for the status variable. If the class indices do not
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Algorithm 1: Rescore algorithm
Inputs: Match {Di = (cli, confi), Tj = (clj , confj , conf

agg
j )}

if clj == cli then
confaggj ← 1− ((1− confi) ∗ (1− confaggj ))

else
if confaggj < confi then

(clj , confj , conf
agg

j)← (cli, confi, confi)
else

confaggj ← 1− ((1− confaggj )/(1− confi))

confaggj ← max(confaggj ,0)

if confaggj < confi then
(clj , confj , conf

agg
j )← (cli, confi, confi)

end

end

end
confaggj ← min(confaggj ,1− ϵ)

return Tj = (clj , confj , conf
agg
j )

match, I acknowledge this by decreasing my aggregate confidence, i.e., I decrease
the confaggj value (the max guarantees a value >0). Then, I check for a class index
rescore: if the new detection’s confidence is higher than the confaggj , I update the
tracker class with the new detection: clj ← cli. Additionally, I impose an upper
bound (i.e., 1− ϵ) to the confaggj to prevent overconfident detections from blocking
future rescores. Finally, the Rescore algorithm also outputs the mean confidence
score during the tracking.

6.1.2 Experimental Results

Multi-resolution Inference on MCUs

I target ultra-low-power embedded systems, such as tiny MCUs, to deploy my
pipeline. Since the end-to-end latency of VOD applications is dominated by DNN
inference, I extensively benefit from the throughput optimization of Eq. 6.1. To
demonstrate my approach’s real-time performance and power consumption, I select
a GWT GAP9 MCU, see section 3.2 for a description of the platform. In this
chapter, I do not use the on-board NE16 accelerator, which would require lossy
8-bit quantization, and instead exploit the floating-point multi-core support of the
platform to avoid any accuracy degradation.

I use GWT’s GAPflow toolset to generate the target platform’s inference C code.
For every trained model with a specific input size, the tool generates header files con-
taining the model parameters and a source file with graph-level and layer-level rou-
tines. Following the automatically generated memory management scheme, weight
parameters are stored within an external octoSPI Flash memory. At the same time,
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Table 6.1. Baseline Object Detection Models

Model Params full-res (px) MMACfr low-res (px) MMAClr

YOLOX-Nano 0.9M 320×320 316 192×192 114
NanoDet–Plus 1.18M 320×320 463 192×192 167
EfficientDet-D0 3.93M 384×384 1440 256×256 640

Table 6.2. Impact of the Rescore Algorithm on ByteTrack using only
high-res frames (P = 0).

Method mAP Precision Recall F1 score

YOLOX-Nano 41.30 65.16 44.92 53.18
w/ Näıve-ByteTrack 43.57 63.9 47.96 54.79
w/ MR2-ByteTrack 46.47 64.24 51.23 57.00
NanoDet–Plus 42.70 62.15 47.68 54.00
w/ Näıve-ByteTrack 44.00 58.91 51.40 54.90
w/ MR2-ByteTrack 46.57 64.14 51.50 57.10
EfficientDet-D0 60.70 78.48 64.14 70.30
w/ Näıve-ByteTrack 61.09 78.65 66.42 72.02
w/ MR2-ByteTrack 64.86 80.63 67.32 72.52

the intermediate values of the inference tasks, i.e., the activation tensors, are allo-
cated within the on-chip L2 memory and the external octoSPI RAM. To cope with
my multi-resolution scheme, I generate two C implementations, one for the low-res
case and a second for the full-res one. The two network functions access the same
weight data stored in the Flash memory.

On GAP9, the latency cost of downscaling the input image is negligible compared to
the inference time. The overhead for generating a low-res image of 192×192 px from
a 320×320 px image is 1.5ms. This corresponds to only 0.9% of the inference time
in the case of NanoDet-Plus (169ms). The Kalman filter also has low execution
time and requires only 9.5 kB of on-chip memory. While my implementation of the
MR2-ByteTrack method is specific to the GAP9, I remark on the generality of the
method that can be easily applied to other MCUs.

6.1.3 Baseline Models and Metrics

I consider three State-of-the-Art object detectors trained on the COCO dataset:
YOLOX-Nano, NanoDet-Plus, and EfficientDet-D0. Tab. 6.1 reports the number of
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Table 6.3. VOD solutions on the GAP9 MCU: Mr2-ByteTrack vs.
frame-by-frame CNN object detectors with full-res or low-res inputs.

Method
Input
Size

RAM
[MB]

Flash
Mem. [MB]

Code
[kB]

[FPS]
Energy
[mJ]

mAP Precision Recall
F1

score

NanoDet–Plus single full-res 1.6 2.3 186.0 3.3 21.8 42.7 62.2 47.7 54.0
NanoDet–Plus single low-res 0.6 2.3 186.0 9.8 7.5 27.4 62.9 31.3 41.8

w/ MR2-ByteTrack (mine) multi-res P=2 1.6 2.3 373.0 5.9 12.3 44.9 61.5 49.3 54.7
YOLOX-Nano single full-res 1.4 1.8 103.0 3.3 19.2 41.3 65.2 44.9 53.2
YOLOX-Nano single low-res 0.5 1.8 103.0 8.6 7.0 25.7 63.2 28.8 39.6

w/ MR2-ByteTrack (mine) multi-res P=2 1.4 1.8 205.0 5.5 11.1 41.4 64.0 45.7 53.3

parameters and MMAC operations for the input frames’ considered full-res and low-
res sizes. For VOD experiments, I use the ImageNetVID dataset, which shares 16
classes with the COCO dataset. By extracting video sequences that share common
classes between the two datasets, I build my validation set of 392 video samples.
To distinguish from the entire dataset, I indicate this subset as ImageNetVIDC .
To assess the detection performance, I use the mAP50 score, a widely used metric
in literature, which I call mAP in the rest of the paper. In addition, I report the
precision, recall, and F1 score averaged over the classes. Differently from mAP,
which expresses the mean value of the per-class average-precision curves, these
three additional metrics show the trade-off between true detections, false positives,
and miss-detections. All metrics consider an IoU of 0.5 to mark a correct match
between ground truths and predictions.

6.1.4 Single-resolution Trackers

Tab. 6.2 compares the results obtained with my MR2-ByteTrack against the base-
line object detection models and the Näıve-ByteTrack on the ImageNetVidC dataset.
In this initial experiment, I feed the inference models only with full-res images.
The confidence threshold of the baseline models is set to 0.35, 0.3, and 0.4 for,
respectively, NanoDet-Plus, YOLOX-Nano, and EfficientDet-D0. These values are
optimally tuned to obtain the highest F1 score on the testing dataset and reflected
on the high threshold value of the ByteTrackers. Using the same procedure, I also
set the low threshold of the trackers to 0.3, 0.25, 0.35 for NanoDet-Plus, YOLOX-
Nano, and EfficientDet-D0, respectively. By observing the results, I can see that,
on average, the Näıve-ByteTrack increases the mAP score measured on the base-
line models by 1.55%. This is explained by the capacity of the tracker to positively
aggregate low-confident detections, which the baseline models instead discard.

Next, the Rescore algorithm of MR2-ByteTrack leads to a further 3.08% improve-
ment by turning false-positive detection into correct classification, as can be ob-
served by the higher Precision, Recall, and F1 scores. Overall, thanks to my MR2-
ByteTrack, the smallest NanoDet-Plus and YOLOX-Nano models can achieve up
to 46.57 and 46.47 mAP on high-res frames, respectively, +3.9% and +5.2% vs.
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Table 6.4. Comparison between VOD methods on ImagenetNetVID.

Method
Object detector

Backbone
Prec. Recall

F1
score

mAP
Params
[M]

GMAC
vs. full-res object detetector
∆ mAP ∆ params ∆ MAC

YOLOV-S [62] 79.9 66.4 72.5 62.5 9.9 12.9 2.7 +14.0% +21.0%
MR2-ByteTrack 80.8 65.9 72.5 61.8 9.0 10.9 2.0 0 0
MR2-ByteTrack (P=2)

YOLOX-S[28]
77.5 64.3 70.3 60.3 9.0 6.2 0.5 0 -43.0%

Liu et. al [65] SSDLite-Mobilenetv2[25] n/a n/a n/a 61.4 4.9 0.2 0.91 +11.0 % 1 -84.0%
MR2-ByteTrack (P=2) EfficientDet-D03 [27] 80.0 64.1 71.1 61.22 3.9 0.9 0.52 0 -37.0%

1w.r.t. large f0 non-interleaved model [65], 2measured on ImageNetVIDC , 3 trained on the COCO dataset,

the baselines.

6.1.5 Multi-resolution Performance

Fig. 6.3 plots the measured mAP of MR2-ByteTrack when varying the amount of
interleaved low-res images (P from 0 to 10) in the multi-resolution setup, and I
benchmark against the baseline models in the same setup. The bars on the bottom
show the average GMAC operations required by each configuration (Eq. 6.1). For
baseline models, the mAP starts dropping at P=1, while MR2-ByteTrack decreases
performance with P ≥ 5 due to low-res images. This difference between methods
arises from the greater robustness of my MR2-ByteTrack approach. This effect is
related to the inertia of the trackers, which are kept alive for up to 5 timestamps
without new detections in my setup.

Overall, the mAP scores of the MR2-ByteTrack models using multiple low-res im-
ages are always better than the baseline models operating on full-resolution frames.
For P=1 and P=2, on average, my approach marks a mAP improvement of 3%
and 0.96%, while the number of MAC operations is reduced by 32% and 43%,
respectively, compared with the baseline object detectors. For P ≥ 3, I observe
a progressive reduction of mAP below the original object detection performance,
which can be affordable for some use cases. Finally, I chose the configuration P=2
for the remainder of my experiments as a good trade-off between accuracy and
computational load (i.e., MAC operations).

6.1.6 State of the Art Comparison

MCU-ready VOD Systems

Tab. 6.3 compares my MR2-ByteTrack solution with P=2 vs. frame-by-frame
single-resolution baselines (e.g., used by [19, 120]) with full-res and low-res inputs
when running on an MCU system. To this aim, I deploy the different approaches
on the GAP9 SoC, coupled with two external memories: a Flash of 64MB and a
RAM of 8MB. The table reports the code size, the activation and weight memory
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Figure 6.3. mAP (blue) and GMAC (red) of MR2-ByteTrack at varying
low-res frames vs. the baseline.

occupation in MB, denoted as RAM and FLASH memory, the processing through-
put in FPS, and the energy cost, measured when the MCU is clocked at 370MHz,
together with the detection metrics.

I show results for YOLOX-Nano and NanoDet-Plus, while I leave out of this anal-
ysis the EfficientDet, as its memory footprint is larger than the available budget.
The datatype of weights and activations is cast to half-precision FP16 for a loss-
less deployment. On GAP9, my multi-resolution instance features a double code
size (up to 373 kB in total) vs. baseline models. The activation memory of the
high-res model dominates the total cost of the multi-res deployment; the weight
storage is constant among different resolutions. My solutions can run at 5.9FPS
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with NanoDet-Plus and 5.5FPS with YOLOX-Nano, 1.7× faster than the high-
res version. On the other side, the cost of the ByteTrack algorithm is negligible
(<0.2% than the inference). The latency gains are reflected in the energy costs: the
multi-resolution models consume 1.77× and 1.72× less than the high-res versions
for, respectively, NanoDet-Plus and YOLOX-Nano. Thus, observing the highest
mAP and F1 scores, my MR2-ByteTraker shows the best energy-accuracy trade-off
for VOD applications on MCU systems.

VOD Algorithms

Tab. 6.4 compares my approach with recent real-time methods not tailored for
MCU deployment given the high number of parameters of the DNN backbones:
9M for YOLOX-S in the YOLOV work [62] and 4.9M for SSDLite-MobileNetV2
in the study by Liu et al. [65]. To fairly compare vs. YOLOV, which uses a
transformer to aggregate the temporal detections of the YOLOX-S backbone, I
apply my MR2-ByteTrack to the same CNN object detector pre-trained on the
ImageNetVid trainset, considering both the high-res or the multi-resolution (P=2)
scenarios. For YOLOV, I test the real-time version in which only the detections
of the past frames are sent to the transformers. The scores reported in the table
adopt confidence threshold values that maximize the F1 score.

My MR2-ByteTrack reaches a +0.9 higher precision than the YOLOV due to the
lower number of false positives. At the same time, the lower recall (-0.5) acknowl-
edges the recognition ability of the transformer layer, which increases the memory
and computational cost by, respectively, 14% and 21% compared to the baseline
backbones. My method presents the same F1 score as the real-time YOLOV, saving
the transformer overhead costs. Additionally, with P=2, the F1 score is reduced
only by 2.2% with a computational cost reduction of up to 43%.

On the other side, because the pre-trained SSDLite-Mobilenetv2 model adopted by
Liu et al. [65] is not openly available, I take the EfficientDet-D0 model pre-trained
on COCO for comparison purposes (EfficientDet-D0 features 1M parameters less
than SSDLite-Mobilenetv2). My MR2-ByteTrack method achieves a substantial
latency improvement (37% vs. 84% of [65] that uses P=10) while slightly increasing
the mAP score compared to the baseline. However, my solution does not increase
the memory footprint (+11% in [65]) and does not require any training of the
tracker on the video sequence, highlighting the higher flexibility of my approach.

6.2 Minimum Variance Distortionless Response

SEs is a critical component in hearable devices, as it not only improves user com-
munication by attenuating environmental noise but also enhances the reliability of
interactions with voice-activated AI assistants. Most existing approaches, however,
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operate on single-channel inputs, as multi-channel processing imposes significantly
higher computational and memory demands [127, 128, 129, 130]. Despite this cost,
SE methods that use an array of microphones, such as neural beamforming [131],
called multi-channel methods, offer clear advantages: they provide superior sup-
pression of background noise and, importantly, preserve the spatial cues of the
acoustic scene, thereby maintaining the directionality of the target signal [132].
These properties are particularly relevant for hearable devices, where maintaining
intelligibility and localization is critical to user experience.

At the same time, hearable devices are strongly constrained by the limited size and
battery capacity, along with the need for all-day operation and real-time execution.
These constraints can only be met by microcontroller-class processors, which typi-
cally provide just a few MB of on-chip memory. As a result, mapping multi-channel
deep learning (DL)-based SE algorithms onto such platforms requires careful design
of algorithms and optimized software implementations.

In this chapter, I present a deployed multi-channel neural beamforming pipeline
on a microcontroller-class device for usage on hearable devices. My method com-
bines a convolutional neural network for mask estimation with a minimum vari-
ance distortionless response (MVDR) beamformer, yielding a multi-microphone,
beamforming-based SE system. To satisfy the strict requirements of real-time
speech processing in hearable devices, typically below 20 ms [133], I introduce
an interleaved execution strategy that overlaps beamforming weights estimation
with their application. I further employ mixed-precision quantization, executing
the neural network in int8 while retaining the MVDR stage in float32 for stabil-
ity, and integrate an efficient speech activity detection (SAD) module to suppress
unnecessary computation during silence.

I evaluate my pipeline on GAP9, an ultra-low-power RISC-V-based System-on-Chip
(SoC), considering both algorithmic accuracy and hardware deployment metrics.
The results demonstrate that my approach achieves real-time operation while pre-
serving enhancement quality and extends the feasibility of advanced multi-channel
SE algorithms in wearable devices.

My main contributions are summarized as follows:

• I introduce an interleaved execution strategy that overlaps beamforming and
weight estimation to satisfy the 20 ms latency constraint of real-time execution.

• I apply mixed-precision quantization to balance efficiency and accuracy, exe-
cuting the neural network in int8 while preserving MVDR beamforming in
float32.

• I integrate a lightweight SAD module that prevents unnecessary computation
during speech absence, improving energy efficiency.
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• I deploy a multi-channel neural beamforming pipeline on the GAP9 ultra-low-
power SoC, achieving real-time operation for hearable devices.

From my evaluation, the proposed system achieves a short-time objective intel-
ligibility (STOI) score of 0.88 while requiring 17.28mJ per beamforming infer-
ence and 0.62mJ per SAD inference. Considering a tiny 100 mAh, 3.7 V bat-
tery (appropriate for a smart hearable use-case), this corresponds to approximately
16 hours of continuous operation under realistic conditions, assuming speech ab-
sence for 70% of the time [134] and including the energy consumption of six
high-end microphones. To the best of my knowledge, this represents the first in-
stance of a multi-channel SE neural beamforming pipeline working in real time,
deployed directly on an MCU, demonstrating the feasibility of such systems for
hearable devices. I release my work as open-source at the following address:
https://github.com/Anon95B/GAP9Beamforming.git

6.2.1 Methods

In the following, I describe the structure of my neural beamforming algorithm
and the voice activity detection network that I employ in my application. The
neural beamforming architecture is reproduced directly following the formulation
introduced by Ceolini et al. [135].

Signal model and neural beamforming

STFT CONVFC FCX7
MVDR
(G1_2)

Masks

Weighted
summation

Weights

Mask estimation (G1_1)

Weight estimation (G1) 

iSTFT
Beamforming (G2)

Figure 6.4. Block diagram view of the elements in my neural beam-
forming application.

I consider a single target speech source captured in noise by M microphones. The
signal at microphone m is modeled as

ym(t) = s(t) ∗ rm(t) + km(t), (6.2)
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where s(t) is the clean speech, rm(t) the room impulse response, and km(t) the
additive noise and ∗ indicates the convolution. I assume the narrowband approx-
imation to be valid in my case. After applying the short-time Fourier transform
(STFT) [136], the observation becomes a complex signal

Ym(ω, n) = S(ω, n)Rm(ω, n) +Km(ω, n), (6.3)

with ω denoting the frequency bin and n the frame index. In the following sections,
I will refer to the STFT window size as tstft (i.e., the amount of audio each Fourier
frame covers) and the hop size as thop (i.e., the stride between consecutive frames),
expressed in milliseconds of audio.

I perform speech enhancement using the minimum variance distortionless response
(MVDR) beamformer, which minimizes the noise energy while preserving the target
signal. Instead of relying on an explicit steering vector, the MVDR weights are
estimated, following the approach proposed in [137], as

wMVDR =
Φ−1

nnΦss

tr(Φ−1
nnΦss)

(6.4)

where Φnn and Φss denote the spatial covariance matrices of noise and speech,
respectively and tr the trace.

To obtain covariances, I employ a compact convolutional neural network (CNN),
referred to as MUDV4 C4 512 in [135], which predicts a time–frequency mask from
the spectrogram of a single reference microphone, as illustrated in Figure 6.4. Since
spectrograms are complex-valued, I decompose them into real and imaginary parts
and concatenate the two as a two-channel input tensor, enabling their use with
real-valued neural networks. The CNN consists of a fully connected layer that
expands the input dimensionality, followed by a stack of dilated 2D convolutions
with residual connections, PReLU activations, and normalization layers. A final
projection layer maps the features to a single-channel speech mask Mss ∈ RF×N .
The corresponding noise mask is obtained as Mnn = 1−Mss. Avoiding a separate
output head for the noise mask, together with the small number of convolutional
features, reduces the overall parameter count to only 20k.

The estimated masks are then used to compute the spatial covariance matrices as

Φvv =
N∑

n=1

Mv(n)Y (n)Y (n)H , v ∈ {s, n}, (6.5)

which in turn yield the MVDR beamforming weights from Equation 6.4. Applying
the MVDR weights to each STFT frame produces the enhanced spectrum, which
is then brought back to the time domain using an inverse STFT. The final signal
is reconstructed with the standard overlap-and-add procedure, where consecutive
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frames are combined to form a continuous waveform. In practice, this means that
beamforming plus inverse STFT requires only two adjacent frames, so each new
output segment can be generated as soon as thop of new audio is available.

Interleaved execution strategy

G2 G2 G2

STFT
tmask tmask

tmask

G2 G1

thop

tstft

Wmvdr Wmvdr Wmvdr

tG1

tG1

G1G1G1

Figure 6.5. Execution schedule of my proposed neural beamforming pipeline.

I propose an interleaved execution strategy that partitions the processing pipeline
into two computational blocks. As illustrated in Figure 6.4, after the STFT on the
input microphones, taking 7 millions of multiply-accumulate operations I have the
first block (G1) encompasses the mask estimation stage (G1 1) followed by the
MVDR weight computation (G1 2), for a total of 349 million multiply-accumulate
(MAC) operations (7 million for the STFT over the six input signals 342 million
for the G1 1 and 7 million for the G1 2). The second block (G2) then applies the
beamforming weights through weighted summation and subsequently performs the
inverse STFT to reconstruct the enhanced signal, requiring a total of 781 k MACs
(654 thousand for the Weighted summation, 127 thousands for the STFT and its
inverse over thop six input channels and one output channel).

As illustrated in Figure 6.5, execution begins by buffering the required number of

78



6.2 – Minimum Variance Distortionless Response

audio samples (tmask) to compute the initial set of beamforming weights. Once the
first set of weights has been obtained, I call the time necessary for this compu-
tation tG1, the system transitions into the interleaved regime: at each hop (thop),
the current weights are applied to perform beamforming along with the inverse
STFT (G2), while the remaining computational budget within the same hop is
used to advance G1. In this manner, G1 progresses incrementally, typically one
neural network layer at a time, until the next set of weights is ready. Crucially,
although the full computation of new weights requires tG1, the execution of the G2
continues without interruption during this period, ensuring that enhanced outputs
are generated in real time while weight estimation proceeds concurrently in the
background.

Speech Activity Detection (SAD) network

In the absence of speech, estimating speech–noise masks is an ill-defined task; to
avoid executing it, I introduce a lightweight SAD network to skip mask estima-
tion and beamforming entirely when no speech is detected. The network is a 1-D
ResNet-8 [138] operating on the raw waveform prior to the STFT, composed of an
initial convolution, three residual blocks (the first without a pointwise convolution
in the skip path), ReLU activations, a global max-pooling layer, and a fully con-
nected head yielding a binary speech/non-speech decision. Although it has 7.6k
more parameters than the G1 mask network (27.6k in total), it is far cheaper to
run, requiring 4.6× fewer operations than the full speech-enhancement pipeline
(76 MMACs), also its structure has been tuned to be efficiently executed on my
platform, thereby avoiding substantial latency increase during normal operation.

Hardware platform & deployment

I deploy my neural beamforming application on the GAP9 SoC from GreenWaves
Technologies, see Chapter 3.2. The MCus is connected with two external memories
(32 MB RAM and 64 MB FLASH for network parameters and activation storage.

I deploy my networks on the device using the GapFlow deployment flow. As the
beamforming pipeline requires six input spectrograms to work, it would consume a
total of 800 kB of memory to keep everything stored in L2, which would impede the
execution of the G1 1. The six spectrograms are only needed from the MVDR step
onward, so I keep the spectrogram in the larger external RAM. To maximize the
efficiency of my most critical component, the G2, I keep in the faster L2 memory
a buffer containing data for each of the six microphones, each storing up to tstft of
audio for the G2 block.
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6.2.2 Experimental Results

I evaluate the proposed neural beamforming pipeline on GAP9 in terms of memory,
quantization, performance, and energy efficiency, and compare it with state-of-the-
art speech enhancement systems deployed on MCU.
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Figure 6.6. (left) Buffer memory allocation and data flow in GAP9 SoC.
(right) Beamforming pipeline resource allocation and scheduling in the
various execution phases.

Setup & model training

I evaluate my approach using a simulated multi-microphone scenario of a single
speaker in a reverberant environment with diffuse noise, which I simulate using
gpurir [139]. For beamforming experiments, following the work of [140], I adopt
the Voice Bank + DEMAND (VBD) dataset [141]. The training set is generated
by mixing clean speech from 28 speakers of the Voice Bank corpus [142] with 10
types of noise from the DEMAND corpus [143] at four signal-to-noise ratio (SNR)
levels (0, 5, 10, and 15 dB).

The test set uses the remaining 2 speakers and 5 noise types unseen during training,
mixed at SNR values of 2.5, 7.5, 12.5, and 17.5 dB. All signals are sampled at 8 kHz
following [135]. For each sample, I select a room size whose dimension are defined
by uniforms distribution over width, height and depth U(3,6) × U(3,6) × U(3,6)
meters, a reverberation time T60 ∼ U(0.2,0.8) seconds, one noise recording, and
the positions of six microphones and the source, without imposing constraints on
their relative distances. Following the original implementation [135], the network is
trained using the scale-invariant signal-to-distortion ratio between the undistorted
signal and the one reconstructed by the beamforming pipeline. I use the Adam
optimizer, a learning rate of 10−4, and early stopping for regularization with a
patience of 2 epochs. The capabilities of my pipeline are measured using the STOI
metric as defined in [144].
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For the SAD experiments, I start from the 121 noise types available by combining
the NoiseX-92 [145] dataset and DEMAND. To further enrich the variability of
background conditions, I augment the noise by introducing composite noise types
mixing pairs of noises drawn from the two corpora, leading in principle to up to
121× 60 possible combinations. Together with the Voice Bank speech corpus, this
yields a dataset with the following statistics: training set of 15,034 samples (40.14%
noise, 59.86% speech+noise), validation set of 1,726 samples (42.06% noise, 57.94%
speech+noise), and test set of 1,300 samples (38.46% noise, 61.54% speech+noise).
All signals are sampled at 8 kHz to be consistent with the beamforming pipeline.
To train the SAD, I use the Adam optimizer with a learning rate of 10−4 and a
binary cross-entropy loss. I evaluate the results on the test set, reporting accuracy,
precision, and recall; the latter is particularly important, as the case of a false
negative would mean that the present speech will be completely ignored by the
whole pipeline.

All experiments use an STFT window length of tstft = 64 ms and hop size of
thop = 15 ms. Each input sequence spans 1 s of audio, corresponding to the total
duration processed by the network (tmask). For deployment on the GAP9 platform,
buffer sizes are determined directly from these time windows and the signal’s data
rate.

Mixed-precision quantization

To reduce the memory requirements and computational cost of my deployed applica-
tion, I convert the trained float32 model into reduced-precision formats (float16
or int8). I do so using GAPflow’s Post-Training Quantization procedure, cali-
brating quantization ranges using a randomly selected subset of the training and
validation data. However, the impact of quantization is not uniform across the dif-
ferent stages of my pipeline. In particular, the MVDR beamforming stage, which
relies on covariance estimation and matrix inversion, is numerically ill-conditioned
and thus especially sensitive to reduced precision [146].

As shown in Table 6.5, quantizing the MVDR stage to int8 leads to complete
degradation of the output, with STOI collapsing to zero. Using float16 alleviates
the problem but still results in a reduction of about 12% compared to the base-
line, yielding a score even lower than the noisy input (0.861). By contrast, keeping
MVDR and beamforming in float32 fully preserves accuracy: in this case, the
choice of precision for the G1 1 becomes largely irrelevant, with STOI values consis-
tently around 0.878–0.884. Interestingly, the configuration with int8 quantization
for G1 1 slightly outperforms the float baselines, reaching 0.884, which represents
an improvement of +0.023 over the noisy input.

These findings point toward a mixed-precision configuration, which I detail in the
following subsection.
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G1 1 (Mask Estimator)

int8 float16 float32

G
1
2
+

G
2

int8 0.000 0.000 0.000
float16 0.746 0.766 0.759
float32 0.884 0.878 0.880

Table 6.5. STOI results for different quantization settings of G1 1 and G1 2 +
G2. Baseline STOI for noisy input is 0.861.

Model Mpar Quantization QAT Device Deployment ms/inf MAC/cyc GMAC/J

TinyLSTM [67] 0.33 INT8 yes STM32F746VE N/A 4.26 0.36 0.14
TinyLSTM [67] 0.46 INT8 yes STM32F746VE N/A 2.39 0.36 0.14

RNNoise [69] 0.21 INT8 yes STM32L476
NNoM w/
CMSIS-NN

3.28 0.45 1.84

LSTM256 1.24 MixFP16-INT8 no 8-core RISC-V GAPFlow 2.50 2.11 17.78
GRU256 0.98 MixFP16-INT8 no 8-core RISC-V GAPFlow 1.70 2.41 17.46

Ours 0.20 MixFP32-INT8 no 8-core RISC-V GAPFlow 3.8 3.10 20.20

Table 6.6. Comparison with other MCU-deployed SE pipelines.

Deployment on GAP9 SoC

Following the results of the previous evaluation, I deployed the pipeline in a mixed
configuration: the neural network is executed fully in int8 quantization, while the
remaining stages of the pipeline use the float32 data type. As I can see from Fig-
ure 6.6, the G1 block of my pipeline is the most memory hungry, consuming about
3.14 MB of L3 memory, accounting also for the audio signals and their STFT, and
about 920 kB of L2 memory during its execution. To this figure, I need to add
the permanent memory needed by the application code, 279 kB, and the G2 in-
puts, stored in L2 for fast access, and the G1 1 weights, 20 kB, which amounts to
1248 kB. In this memory configuration and considering int8 quantization, the mask
estimation network requires 176M cycles (1.93 MACs/cycle), a 2.3× efficiency gain
over float16, and, crucially, reduces the execution time below 1s of audio being
processed. With the NE16 accelerator, efficiency further improves to 3.1 MACs/cy-
cle, bringing total runtime down to 203 ms. Including the MVDR algorithm, which
requires 13 million cycles at an efficiency of 0.49 MACs/cycle, and the STFT, which
requires 2.4 million cycles at 3.1 MACs/cycle, the estimation of the beamforming
weights takes about 244 ms. The last step of the pipeline, then, which is the effec-
tive beamforming step, requires an additional 1.4 million cycles at 0.9 MACs/cycle,
resulting in a total of 248 ms for the complete neural beamforming.
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Since recalculating weights at every thop would violate real-time constraints, I adopt
an interleaved strategy in which G1 runs in the background while G2 continues with
the most recently available weights. However, with the current memory configura-
tion, considering that the G2 network requires 309 kB of L2 memory to be executed,
this would be impossible, but if one accounts only for the peak L2 utilization of
G1. In practice, though, the peak of 920 kB occurs only within individual layers
of G1, while, between layers, the usage drops to 826 kB. This limits utilization to
1154 kB, allowing for the interleaved execution of G2.

The interleaved execution of the two elements of my pipeline limits the effective
latency of the system to thop plus the execution time of G2, 19 ms, below the 20
ms requirement [133]. However, because G1 now progresses alongside G2, the time
needed to produce a complete new set of weights increases from 244 ms to about 320
ms. Nevertheless, by reusing weights during this interval, the beamformer produces
enhanced output continuously in real time.

To assess the robustness of the proposed interleaved strategy, I conducted an eval-
uation of how temporal delays affect the performance of my speech enhancement
model. For this analysis, I selected 219 samples from the original test set of 800, as
only these contained sufficiently long continuous speech segments suitable for the
experiment. As illustrated in Figure 6.7, introducing a 300 ms delay between weight

Figure 6.7. Effect of the delay on the STOI metric. The orange area indicates
where the STOI of the models falls below that of the unprocessed noisy signal.
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Figure 6.8. Power profile of the beamforming application.

estimation and beamforming results in only a 0.4% STOI degradation. This con-
firms, in line with prior findings[140], that modest delays between spatial parameter
estimation and enhancement are tolerable. At the same time, the results highlight
the importance of hardware acceleration: without it, the total execution time would
reach approximately 600 ms, thereby reducing beamforming performance to a level
below that of the unprocessed noisy input.

I deployed the whole pipeline end-to-end on a GAP9 EVK evaluation kit. In Fig-
ure 6.8, I report the measured power profile of the interleaved pipeline, acquired
with Nordic’s Power Profiler Kit.

System-level evaluation

I consider the deployment of my beamforming pipeline on a hearable device powered
by a 100 mAh, 3.7 V Li-Po battery. This corresponds to an energy budget of
approximately 1330 J and, at 17.28mJ per inference, 13.2mJ for the beamforming
weights estimation, while the leftover 4.08mJ is consumed by the application of
the beamforming weights , providing about 6.85 hours of continuous execution.
This falls short of the typical waking period of around 16 hours, reflecting a usage
scenario in which the hearable is worn continuously throughout the day, as would
be expected for users relying on it for hearing support.
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However, typical users are not engaged in speech for more than, on average, 30% of
their time [134]. For this reason, I integrate the SAD model (int8, 2.6M cycles at
29.1 MACs/cycle) to gate the pipeline execution. The int8 quantization does not
reduce the accuracy of this network, which reaches 98.5% with a precision of 97.8%
and a recall of 99.9%. Including the energy consumption of six 0.9 mWmicrophones
and the inference cost of the SAD network, 0.62 mJ, the battery lifetime of a smart
hearable device running my beamforming pipeline is extended up to 16 hours,
reaching a target duration compatible with a hearable device operating for a full
day.

Comparison with State-of-the-Art

Table 6.6 compares my solution with state-of-the-art speech enhancement approaches
on MCUs. The baselines include TinyLSTM [67], evaluated on an STM32F7 MCU,
and RNNoise [69], deployed on a low-power STM32L4 using the NNoM framework
with a CMSIS-NN backend [147]. Both methods run on single-core devices with
8-bit quantization, which proves effective thanks to quantization-aware training
(QAT) and model constraints that limit the numerical range of intermediate ac-
tivations. I also compare against the work of Rusci et al. [70], which targets the
same GAP9 platform used by us.

Unlike these baselines, my solution processes six input streams while retaining part
of its computation in float32. Despite this more demanding setting, I achieve
efficiency gains of up to 6.9×, 8.6×, 1.29× and 1.46× in MAC/cycle over RN-
Noise, TinyLSTM,GRU256 and LSTM256, respectively. These improvements are
enabled by my quantization strategy together with the exploitation of the hardware
accelerator.

In terms of computational efficiency, my method delivers up to 10.98×, 144.3×,
1.16×, and 1.14×higher performance than RNNoise, TinyLSTM, GRU256, and
LSTM256, respectively. Crucially, these gains are obtained without any degra-
dation in accuracy compared to the full-precision model, and without relying on
computationally expensive QAT procedures.
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Conclusions

This thesis presented a hardware–software co-design methodology for deploying
DNNs on heterogeneous MCU systems targeting extreme-edge applications. The
proposed approach systematically combines algorithmic adaptation, workload par-
titioning, and hardware exploitation to achieve efficient inference under severe
power, memory, and latency constraints.

The first part of this thesis analyzed the scaling behavior of neural networks on
resource-constrained multicore MCUs, quantifying the trade-offs between model
complexity, latency, and accuracy. Experiments conducted on the GAP8 platform
demonstrated the limitations of homogeneous architectures when executing per-
ception tasks of practical relevance. In particular, the MobileNetV2-SSD detector,
running fully on-board a nano-drone prototype, sustained up to 1.6 frames/s at
134mW, achieving 50 % mAP on two target classes and a 90 % mean detection
rate across closed-loop trials. These results enabled the first fully autonomous
nano-drone performing exploration, collision avoidance, and real-time object de-
tection solely through on-board computation. However, further tests in cluttered
environments revealed that combining visual collision avoidance and high-accuracy
detection saturated the available compute throughput ( 1.6 Hz), falling short of
the ≥8 Hz rate required for robust navigation. This finding emphasized the need
for more capable, heterogeneous MCU architectures to sustain concurrent multi-
network inference under tight power budgets.

Building on this motivation, the thesis investigated heterogeneous embedded sys-
tems through the GAP9 SoC, integrating RISC-V general-purpose cores with a
convolutional accelerator. The case study on on-device pest detection highlighted
the advantages of hardware specialization for energy-efficient AI at the edge. The
Viola–Jones and MobileNetV3-SSD detectors achieved comparable detection rates
(81.7 % and 83 %, respectively) on the first dataset, while the CNN-based model
generalized significantly better (+27%) on a second dataset containing smaller in-
sects. On GAP9, Viola–Jones completed inference in 221 ms for 320×240 images,
1.47× faster than on GAP8 due to higher clock speed and memory capacity. The
CNN detector achieved 147 ms per inference, corresponding to a 9.5× speed-up over
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GAP8 and an effective throughput of 10.9 MAC/cycle, demonstrating the substan-
tial benefit of the integrated accelerator. System-level estimates further showed
that a duty-cycled pest detection node could operate autonomously for approxi-
mately 199 days on a 1000 mAh battery, confirming the feasibility of long-term,
low-power deployment.

Finally, the co-design framework was extended to application-specific workloads on
heterogeneous MCUs, including VOD and speech enhancement (SE). The MR2-
ByteTrack VOD pipeline improved detection accuracy by 2.16 % and reduced en-
ergy consumption by 43.6 %, while the SE pipeline achieved real-time neural beam-
forming with 20ms latency at 17.28mJ per inference, demonstrating that thanks
to the provided metodology execution of complex neural networks can be sped up
significantly and improving real times constraints on MCUs, while the different
applications validate the generality of the methodology across sensing modalities.

Future Works

The results of this thesis have demonstrated the potential of hardware–software co-
design to unlock efficient deep learning on heterogeneous MCU platforms. However,
the observed limited performance and the increasing algorithmic complexity of
modern models suggest that additional progress is both possible and necessary.

Future research should thus explore the next generation of neural architectures and
hardware accelerators to further close the gap between embedded and cloud-level
intelligence. The integration of more advanced hardware accelerators, from systolic
arrays to in-memory computing units, could enable the execution of richer models
under the same power envelope, extending the methodology developed in this work
toward truly pervasive edge intelligence.

On the algorithmic side, incorporating sparsity-aware, modular, and dynamically
adaptable network topologies will allow models to adjust their computational de-
mand based on context, thereby maintaining energy proportionality without sac-
rificing inference quality. By leveraging these advances, future edge systems may
progressively approximate the semantic richness and versatility characteristic of
foundation models [148].

Expanding the range of application domains will also be key to validating this
vision. Future embedded systems could leverage the proposed framework in hu-
man–machine interaction, enabling natural, low-latency multimodal interfaces that
interpret speech, gestures, and visual context directly on-device, minimizing la-
tency, preserving privacy, and reducing dependency on external connectivity. Ulti-
mately, by combining architectural specialization with adaptive intelligence, future
embedded systems may deliver the semantic richness of modern AI “at the fingertip
of the user.”
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