
AI-based Taxonomic Classification of

Pollinators and Advanced AoA Estimation

from mm-Wave and Microwave Signals

Author:

Linta Antony

Supervisor:

Adam Narbudowicz

Co-Supervisors:

Nicola Marchetti

This thesis is submitted in fulfilment of the requirements for

the degree of Doctor of Philosophy

in the

Department of Electronic & Electrical Engineering

March 2026



i

Declaration

I declare that this thesis has not been submitted as an exercise for a degree at this or any

other university and it is entirely my own work.

I agree to deposit this thesis in the University’s open access institutional repository or

allow the library to do so on my behalf, subject to Irish Copyright Legislation and Trinity

College Library conditions of use and acknowledgement.

I consent to the examiner retaining a copy of the thesis beyond the examining period,

should they so wish.

Elements of this work that have been carried out jointly with others or by collaborators

have been duly acknowledged in the text wherever included.

Date
Linta Antony

Linta
12-03-2026





ii

Abstract

Biodiversity is declining at an unprecedented rate worldwide, with insects, particularly pol-

linators, among the most severely affected groups. Robust monitoring of pollinator popula-

tions is essential for safeguarding ecosystem stability, wild plant diversity, and global food

production. However, traditional taxonomic identification is labour-intensive, dependent

on expert knowledge, and often requires lethal sampling. Moreover, insect abundances

fluctuate strongly across space and time due to weather and land-use dynamics, making

high-resolution, scalable monitoring challenging.

Although Machine Learning (ML) approaches have been explored for image-based in-

sect identification, their sensitivity to lighting, background clutter, and image quality limits

their usability in real-world monitoring. By contrast, Millimetre-Wave (mmWave) radar

operating in the 30 GHz range with wavelength comparable to insect body and wing dimen-

sions offers a non-invasive means to capture fine-scale biomechanical signatures, including

micro-Doppler modulations generated by wing flapping. Despite this promise, most radar-

based entomology studies focus on morphological parameter estimation (e.g., Wingbeat

Frequency (WBF), mass, velocity) and do not exploit the rich harmonic content or mod-

ern ML capabilities needed for reliable species-level classification.

This thesis addresses this gap by proposing a non-invasive, low-cost mmWave radar

framework for hierarchical taxonomic classification of pollinating insects. As an initial

contribution, the thesis investigates the fundamental interaction between flying insects

and mmWave antennas through electromagnetic simulation. A dynamic insect model is

developed to quantify variations in antenna gain and reflection coefficient (S11) induced

by micro-Doppler motion in the antenna’s near field. These simulations provide initial

evidence that insect wing dynamics create measurable perturbations in received mmWave

signals, motivating the development of a radar-based classification framework.

Building on this insight, the thesis introduces a mmWave radar pipeline for hierarchi-

cal taxonomic classification of pollinating insects. A comprehensive signal-processing and
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ML pipeline is presented to isolate micro-Doppler activity, extract informative temporal–

spectral features, and classify insects at family, genus, and species levels. Explainable

Artificial Intelligence (AI) methods are integrated to reveal the critical bio-mechanical and

harmonic features underpinning model decisions, improving trust and interpretability.

Beyond empirical radar sensing, the thesis explores the potential of Joint Sensing and

Communication (JSC) for insect monitoring. The feasibility of insect detection from a

modulated communication signal is also demonstrated, enabled by a semi-supervised seg-

mentation algorithm that autonomously identifies micro-Doppler-active signal regions.

Finally, the thesis contributes to compact antenna design for multi-target localization

by addressing different spherical-mode-based Angle-of-Arrival (AoA) estimation methods.

A novel Virtual Modes (VM) concept is introduced to enhance angular resolution, reduce

computational cost, increase degrees of freedom, and minimise size - weight constraints in

compact antenna systems.
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Chapter 1

Introduction

1.1 Overview

Biodiversity is declining rapidly worldwide, with accelerating species extinctions indicating

the onset of a sixth mass extinction [1]. Tracking population trends in insects, including

major pollinators, is challenging because their abundance varies with landscape charac-

teristics such as agricultural land cover and other environmental pressures [2]. Pollinators

support most flowering plants and many crops, making them central to global conservation

priorities and ecosystem functioning [3]. However, substantial knowledge gaps and the ab-

sence of standardised monitoring methods persist, and long-term pollinator data remain

scarce [4].

Conventional approaches to insect monitoring usually rely on collecting and killing

specimens, after which specialists must sort them and identify species through detailed

morphological examination [5]. Since these samples often include vast numbers of individ-

uals and considerable taxonomic diversity, only part of the material can be identified, and

many groups are assigned to broad taxonomic categories because of limited expertise. As

a result, well-studied taxa receive disproportionate attention. The high labour demands

of both field collection and specimen processing also limit how many locations can be

surveyed and how often sampling can take place [6].

Recent advances in Artificial Intelligence (AI) offer promising ways to speed up rou-

tine insect classification tasks. Most current research applies AI-based computer vision

to insect images [7], [8], drawing on the success of image recognition technologies in con-

sumer devices. Annotated images can be used to train deep-learning models to identify

organisms automatically. Despite advances in image processing, field applications remain
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fundamentally constrained by the difficulty of capturing usable images in the first place.

Additional practical challenges persist, including sensitivity to light and weather condi-

tions, high camera power requirements, large data transfer needs, and the use of hardware

optimised for vertebrate detection rather than close-range, small-movement monitoring of

insects [9].

A complementary approach involves the use of radar systems [10]. Entomological radar

has a long history, having been used mainly to monitor mass migrations of insects at high

altitudes [11], [12]. Yet these systems also relied on high-power equipment, making them

costly to build, deploy, and maintain. Their size, and energy demand make it impractical

to install large numbers of units in close proximity, which restricts achievable spatial and

temporal coverage. In addition, these legacy radars are not designed to detect or classify

individual insects flying near the ground. Most insects are simply too small relative to the

operating wavelengths used in such systems, preventing the radar from detecting individual

animals.

Recent studies have demonstrated the ability of electromagnetic simulation software to

successfully simulate the Radar Cross Section (RCS) of airborne animals [13]. As it is not

easy to model the electromagnetic scattering caused by an insect’ complex body shape,

several works discuss the use of spheres [14], prolate spheroids [15] and ellipsoids [16] to

provide simplified electromagnetic modelling. While prior studies have successfully used

spheres, spheroids, and ellipsoids to approximate insect bodies, these models are static and

lack the anatomical and biomechanical dynamics that generate micro-Doppler signatures.

Even in recent work demonstrating the value of anatomically informed models [17], the

focus remains on static radar cross-section prediction rather than on the time-varying

electromagnetic effects caused by insect motion.

Studies on radio wave reflection by insects have shown that RCS correlates with insect

mass [18], while signal polarization relates to body length [19]. Wingbeat Frequency (WBF)

can be extracted from radar echoes, as demonstrated in experiments where insects were

affixed to polystyrene foam for accurate measurement [20]. Species identification of migra-

tory insects has been achieved with high accuracy (84%-100%) using manually extracted

morphological parameters such as mass, WBF, and length-to-width ratio [21]. In these

studies, ground truth parameters were measured manually using instruments such as weigh-

ing scales, rulers, and stroboscopes, and then compared to estimates derived from radar

PhD Thesis Linta Antony
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signals. The reported errors, including a 40% root mean square percent error for mass

and length-to-width ratio, and a 1 Hz standard deviation for WBF, reflect the accuracy

of radar-based estimation relative to the manually measured values [22]. Recent research

aims to improve the precision of extracting these morphological parameters to enhance

insect identification [22], [23].

Insect wing flapping generates distinctive micro-Doppler signatures, providing valuable

insights for radar-based analysis and identification. [24] used a 94 GHz radar to cap-

ture WBF from micro-Doppler signatures to differentiate mosquitoes and honeybees. [25]

demonstrated a 5.8 GHz Continuous-Wave (CW) Doppler radar integrated with machine

learning for automated honeybee hive surveillance, achieving behavioral classification by

leveraging Doppler signatures at hive entrances.

However, many existing approaches in radar entomology focus primarily on basic pa-

rameters such as wingbeat frequency extracted from micro-Doppler signatures generated

by wing flapping, and rarely take full advantage of the harmonic content of these signals

or the capabilities of modern machine learning for classifying closely related insect species.

While mmWave radar represents a promising pathway for non-invasive insect sensing,

recent developments in wireless communications now support Joint Sensing and Commu-

nication (JSC), allowing a single mmWave waveform to deliver data and perform high-

resolution sensing at the same time. Integrating insect sensing capabilities within JSC

systems can minimise hardware requirements, optimise energy usage, and unlock seamless

deployment in future smart ecological monitoring networks.

To date, JSC has not been explored for near-field biological micro-Doppler sensing,

and no existing work investigates whether hybrid communication–sensing waveforms can

reliably capture insect wingbeat signatures.

Most insect detection studies rely on Single-Input Single-Output (SISO) radar, which

provides temporal signatures but offers little information about where insects are located.

For real-world ecological monitoring, especially in multi-insect scenarios, accurate AoA

estimation is crucial. However, conventional phased arrays are bulky and unsuitable for

field deployment around crops or natural habitats. Recent research has explored compact

antenna systems based on spherical mode expansions, enabling high angular resolution with

significantly fewer physical elements [26]. This work demonstrates that compact multi-

mode antennas can achieve or surpass the performance of larger, traditional arrays with

PhD Thesis Linta Antony
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an equivalent number of RF transceivers, offering effective localization solutions. These

studies show that in multi-mode antennas, resolution is tied to the number of effectively

excited modes. The Degrees of Freedom (DoF), indicating the antenna’s capacity to resolve

multiple signals, is capped at M − 1, where M is the number of excited SM. Thus,

enhancing resolution necessitates generating more modes. However, stimulating numerous

modes within a confined space can compromise bandwidth and increase losses.

To address the above challenges, the thesis aims at the following research questions:

RQ1: How can electromagnetic insect modelling be used to study the micro-Doppler

effects generated when an insect flies near a mmWave antenna?

RQ2: How can the presence of pollinating insects be automatically detected in mmWave

radar signals?

RQ3: Do different pollinating insect species exhibit distinct wing-flapping and

micro-Doppler patterns, and how can mmWave radar capture these differences?

RQ4: How effectively can micro-Doppler signatures be used to classify pollinating insects

at different taxonomic levels (family, genus, species)?

RQ5: How feasible is it to use modulated mmWave waveforms for insect detection and

micro-Doppler extraction?

RQ6: How can compact, spherical-mode-based antenna systems be used to achieve

advanced multi-target localisation and AoA estimation?

1.2 Thesis Contribution

The novel contributions of this thesis are summarized below:

• C1: Electromagnetic modelling of insect–antenna interactions.

A dynamic insect model capable of simultaneous wing flapping and translational

motion is developed. Using full-wave electromagnetic simulations, this contribution

PhD Thesis Linta Antony
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quantifies how insect micro- and macro-motions influence the antenna gain and re-

flection coefficient (S11) in the near field. This directly addresses RQ1.

• C2: Automated micro-Doppler activity detection.

An algorithm is designed to autonomously identify micro-Doppler–active regions

within continuous mmWave radar recordings, enabling robust and efficient detection

of insect presence without manual annotation. This addresses RQ2.

• C3: Characterisation of species-specific wingbeat signatures.

A comprehensive analysis of temporal, spectral, and harmonic features is performed

to reveal consistent and discriminative micro-Doppler patterns across different polli-

nating insect species. This addresses RQ3.

• C4: Hierarchical micro-Doppler–based taxonomic classification.

A hierarchical machine-learning framework is developed to classify insects at mul-

tiple taxonomic levels (family, genus, and species). Explainable AI techniques are

integrated to identify the most discriminative features driving model decisions. This

addresses RQ4.

• C5: Feasibility of using modulated signals for insect monitoring.

The capability of hybrid communication–sensing mmWave waveforms to simulta-

neously transmit data and extract micro-Doppler signatures is investigated. This

demonstrates the potential for integrated sensing within future communication sys-

tems. This addresses RQ5.

• C6: Virtual Modes for compact multi-target AoA estimation.

A novel Virtual Modes concept is proposed to enhance angular resolution, increase

degrees of freedom, and reduce computational cost in compact antenna systems. This

enables accurate multi-target localisation and directly addresses RQ6.

1.3 Thesis Outline

The outline of this thesis is shown in Figure 1.1. The remainder of this thesis is organised

as follows:

Chapter 2 - Background Theory & Review of Related Work - This chapter

introduces the scientific and technical foundations required for the thesis. It reviews global

PhD Thesis Linta Antony
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Micro-Doppler
Detection

& Classification

Joint
Comm &
Sensing

Background
& Motivation

Conclusions
& Future Work

Compact
Antennas

& AoA

Chapter 4
Automated micro-Doppler

detection, Wingbeat biomechanics &
feature analysis

Chapter 5
Hierarchical ML classification

+ explainable AI

Chapter 6
Modulated

mmWave for insect sensing

Chapter 2: Background
Insect monitoring, Radar
entomology, AoA

Chapter 8: Conclusions
Summary, limitations,
and future directions

Spherical modes, 
Virtual Modes

Chapter 3: EM Modelling
Dynamic insect model,

gain and S11 perturbations

EM Insect
Modelling

Chapter 7

Figure 1.1: Outline of the thesis and its main research themes.

pollinator decline, insect biomechanics, and existing approaches to insect monitoring. It

then summarises the fundamentals of mmWave radar, and introduction to fundamental

concepts in AoA.

Chapter 3 -Micro-Doppler Effects in Flying Insects -This chapter provides the

theoretical framework for understanding the micro-Doppler concept discussed throughout

this thesis. Then, this chapter presents a dynamic wing-flapping insect model, and full-

wave electromagnetic simulations are performed to quantify variations in antenna gain

and reflection coefficient (S11) caused by insect micro- and macro-motion in the near field.

These results provide the physical motivation for later radar-based classification.

Chapter 4 - Micro-Doppler Feature Extraction and Analysis - This chapter

PhD Thesis Linta Antony
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introduces an algorithm for automatically identifying micro-Doppler active regions within

continuous mmWave radar recordings. The method enables robust and efficient detection

of insect activity without manual segmentation and forms the first processing stage of

the radar pipeline. This chapter conducts a detailed analysis of temporal, spectral, and

harmonic features extracted from micro-Doppler signatures. It demonstrates that different

pollinating insect species exhibit distinct wingbeat patterns.

Chapter 5 - Taxonomic Classification of Insects - This chapter presents a hierar-

chical classification framework to identify pollinating insects at family, genus, and species

levels. Explainable AI methods (e.g., SHapley Additive exPlanation (SHAP)) are used to

interpret feature importance and provide biological insights into classification decisions.

Chapter 6 - Feasibility of insect detection with modulated signals - This

chapter evaluates the feasibility of using modulated waveforms, i.e. as in telecommuni-

cation links, for micro-Doppler extraction. A hybrid digital phase modulated mmWave

signal is synthesized on the basis of the measured data. It is studied to assess whether

communication and sensing can be integrated for insect detection.

Chapter 7 - Virtual Modes for Compact Multi-Target AoA Estimation - This

chapter evaluates classical AoA estimation techniques in the context of compact spherical-

mode multiport antenna systems. This chapter introduces the Virtual Modes (VM) concept

for spherical-mode-based AoA estimation in compact antenna systems. The method im-

proves angular resolution, increases degrees of freedom, and reduces computational cost,

enabling efficient multi-target detection.

Chapter 8- Conclusion & Future Work - In this chapter, we detail the conclusions

of this thesis and discuss some of the open and existing research questions relevant to our

work. Finally, we elaborate on the future directions of this research.

1.4 Dissemination

This section details the publications undertaken to disseminate the research findings of

this PhD project.

Patent applications

• Antony, Linta, Norouzi, Maryam, Narbudowicz, Adam, and Donohue, Ian . "De-

tection and classification of flying insects by using micro-Doppler signatures of wing
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movement. " Patent Application 2411645.1

Journal

• Antony L, et al. "Harnessing mm-Wave Signals and Machine Learning for Non-

Invasive Taxonomic Classification of Insects." PNAS Nexus.

• Antony L, Marchetti N, Donohue I, Narbudowicz A. "Insect Detection Using mm-

Waves: Integrated Communication and Biodiversity Sensing Based on Micro-Doppler

Effects." IEEE Access. 2025 Jul 14.

• Antony, Linta, et al. "Virtual spherical modes for aoa estimation with small sub-

wavelength antennas." IEEE Antennas and Wireless Propagation Letters 2024.

Conference

• Antony L, Narbudowicz A. Study of Virtual Spherical Modes for Multi-Target Angle

of Arrival Estimation. 2025 European Conference on Antennas and Propagation

(EuCAP), Stockholm, Sweden, 2025 .

• Antony L, Marchetti N, Donohue I, Narbudowicz A. "Statistical Analysis of MM-

Wave Signals for Enhanced Biodiversity Monitoring."2025 International Conference

on Statistics: Theory and Applications (ICSTA), Paris, 2025

• Antony L, Zandamela A, Marchetti N, Narbudowicz A. "Angle of arrival estimation

methods using spherical-modes-driven multiport antennas." 2024 European Confer-

ence on Antennas and Propagation (EuCAP), Galsgow, Scotland, 2024

• Antony L, Zandamela A, Marchetti N, Narbudowicz A. Angle of Arrival Estimation

Methods Based on Spherical Modes-Driven Multiport Antennas. 2023 International

Symposium on Antennas and Propagation (ISAP), Kuala Lumpur, Malaysia, 2023

Presentation

• Antony L, Narbudowicz A. Study of Virtual Spherical Modes for Multi-Target Angle

of Arrival Estimation. 2025 European Conference on Antennas and Propagation

(EuCAP), Stockholm, Sweden, 2025 .
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• Antony L, Marchetti N, Donohue I, Narbudowicz A. "Statistical Analysis of MM-

Wave Signals for Enhanced Biodiversity Monitoring."2025 International Conference

on Statistics: Theory and Applications (ICSTA), Paris, 2025

• Antony L, Zandamela A, Marchetti N, Narbudowicz A. "Angle of arrival estimation

methods using spherical-modes-driven multiport antennas." 2024 European Confer-

ence on Antennas and Propagation (EuCAP), Galsgow, Scotland, 2024

• Antony L, Zandamela A, Marchetti N, Narbudowicz A. Angle of Arrival Estimation

Methods Based on Spherical Modes-Driven Multiport Antennas. 2023 International

Symposium on Antennas and Propagation (ISAP), Kuala Lumpur, Malaysia, 2023

• Antony L, Marchetti N, Narbudowicz A. “mm - Wave Signal Technologies for Digi-

tizing Biodiversity,” Inaugural School of Engineering Research Symposium (SERS),

Dublin, Ireland, 2024

• Antony L, Marchetti N, Narbudowicz A. “mm - Wave Signal Technologies for Digi-

tizing Biodiversity,” Insect cost action, Tirana, Albania, 2025

• Antony L, Marchetti N, Narbudowicz A. “mm - Wave Signal Technologies for Digi-

tizing Biodiversity,” Climate Gateway Launch, Dublin, Ireland, 2024

• Antony L, Marchetti N, Narbudowicz A. “New Radar System for Biodiversity Moni-

toring,” CONNECT Review, Dublin, Ireland, 2023

• Antony L, Marchetti N, Narbudowicz A. “.Insect Biodiversity Monitoring using RADAR

,” CONNECT Plenary, Waterford, Ireland, 2022

• Antony L, Marchetti N, Narbudowicz A. “New Radar System for Biodiversity Moni-

toring,” CONNECT Plenary, Clonmel, Ireland, 2024

Non-Peer Reviewed Presentations

• Antony L, Marchetti N, Narbudowicz A. “mm - Wave Signal Technologies for Digi-

tizing Biodiversity,” Climate Gateway Launch, Dublin, Ireland, 2024

• Antony L, Marchetti N, Narbudowicz A. “.Insect Biodiversity Monitoring using RADAR

,” CONNECT Plenary, Waterford, Ireland, 2022
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Chapter 2

Background Theory & Review of

Related Work

2.1 Global Pollinators Decline

Insect pollinators such as bees, butterflies, and hoverflies play a fundamental role in sustain-

ing healthy ecosystems and global food production. An estimated 75% of crop species, 35%

of agricultural output, and nearly 88% of flowering plants rely, at least in part, on insect-

mediated pollination [3]. Yet, growing evidence indicates that many pollinator groups face

mounting conservation pressures. Numerous studies over the past decade have documented

alarming declines in insect abundance and diversity, with pollinators among the groups in

decline [27]. Recent analyses of global collection datasets reveal a striking reduction in wild

bee diversity, with one study documenting a 25% drop in the number of species reported

compared with the 1990s [28]. Major drivers of decline include agricultural intensifica-

tion, particularly habitat degradation and pesticide use, alongside climate change and the

introduction of non-native species [1].

Despite their ecological and economic significance, comprehensive, large-scale assess-

ments of distributional and population changes in key pollinator taxa, especially bees and

hoverflies, remain largely absent. Existing species-specific datasets are typically derived

from small-scale field studies that cover limited geographic areas and short time frames (<5

years). As a result, substantial gaps persist in both standardised monitoring approaches

and long-term datasets, constraining our ability to implement effective conservation strate-

gies and fully understand temporal trends in pollinator communities [29].
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2.2 Insect Monitoring Methods

Effective monitoring is crucial to detect declines, understand their causes, and assess con-

servation actions. However, insects are small, highly mobile, and often very abundant,

making them difficult to observe and count accurately. Traditional monitoring has relied

on labour-intensive manual sampling, but recent advances in automated and non-invasive

sensing technologies now offer promising alternatives.

2.2.1 Traditional Methods

Conventional field monitoring of insects typically relies on direct sampling and trapping

methods, including sweep netting, pan traps, Malaise traps (which intercept flying insects

and channel them into collection bottles), and light traps [30]. These approaches are

simple and low-cost, and they yield physical specimens that can be identified to species

by taxonomists. However, traditional methods typically require killing insects, followed

by labour-intensive sorting and species identification by specialists. In many cases, the

sheer number of individuals and the high taxonomic diversity in samples mean that only

a subset is identified, or identification is limited to broad taxonomic groups. As a result,

monitoring efforts are often biased toward well-studied groups, such as butterflies, while

many other taxa are overlooked due to limited taxonomic expertise [5].

2.2.2 Computer Vision

Computer vision, a branch of computer science, develops algorithms that extract informa-

tion from digital images and video. Early studies combined yellow sticky traps with image

processing and machine learning to classify insects based on morphological features such as

shape, colour, and texture [31]. The emergence of deep learning, particularly Convolutional

Neural Network (CNN), has transformed this field by enabling automatic feature extrac-

tion directly from raw image data [8]. For example, Alves et al. [32] developed a dataset

of cotton field pests spanning 15 categories and achieved 97.8% classification accuracy

using a ResNet34-based CNN. Similarly, Kasinathan et al. [33] applied deep learning

to a publicly available dataset containing 1,387 images across 24 classes captured against

complex backgrounds. Several technical challenges currently hinder the widespread appli-

cation of computer vision in entomological research. A primary limitation is the difficulty
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of consistently capturing high-quality images of small and fast-moving insects in natural

environments. In addition, computer vision models require large, well-annotated training

datasets, which are labour-intensive. Practical deployment is further constrained by cam-

era power consumption, on-device processing requirements, and the need for reliable data

transfer in remote field settings [6].

2.2.3 Acoustic Monitoring

Recent technological advances, together with the increasing availability of low-cost auto-

mated recording devices, have accelerated the use of bioacoustics, an emerging approach

that employs sound to assess community composition and biodiversity within ecosystems

[34]. Many insect taxa produce characteristic acoustic signals that can be exploited for

monitoring. In acoustic surveys, field sensors record insect sounds, which are subsequently

analysed using machine learning algorithms for species identification. Calling or courtship

signals are typically captured using microphones or similar audio recorders and can be

analysed in either the time domain [35] or the frequency domain [36]. However, these

methods remain difficult to apply effectively in field settings, as they are highly susceptible

to environmental noise and weather conditions. Moreover, not all environments are suit-

able for acoustic monitoring; for example, urban areas with substantial sound pollution

and limited vegetation provide poor acoustic conditions for detecting insect signals. Addi-

tional constraints include the considerable human effort required for manually inspecting

and annotating large acoustic datasets for model development, as well as the substantial

energy and bandwidth demands associated with storing and processing such data [37].

2.2.4 LiDAR

Entomological LiDAR is a remote sensing technique that uses laser light to detect airborne

insects. The system emits rapid laser pulses and measures the backscattered light from

objects within the beam path. Optical approaches offer several advantages over micro-

phones, as they are not affected by wind noise or ambient sound and can detect insects

at considerable distances, including small-bodied species [38]. Using optical sensor data,

Chen et al. [39] achieved 79.4% classification accuracy across 10 insect classes (flies and

mosquitoes) using a Bayesian classifier. Recent field studies have shown that scanning

LiDAR can generate detailed information on insect flight activity across habitats. For
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example, high-resolution LiDAR has been used to compare insect abundance and flight

height over different land cover types, revealing distinct daily activity patterns and diver-

sity profiles between forest and open field sites [40]. Despite these advantages, LiDAR

systems are often complex and expensive, produce large data volumes requiring extensive

processing, and are susceptible to noise introduced by sunlight, atmospheric conditions,

and background structures such as vegetation.

2.3 Radar

Radars emit electromagnetic radiation that is reflected by objects in the air, and based

on their echoes, these objects can be characterized. Among remote sensing techniques,

radar stands out as one of the most established and promising approaches. Insect radar,

in particular, has a long and well documented history and offers significant potential to

address key limitations in current state of the art insect monitoring solutions [41]. The

application of radar techniques in entomology dates back several decades, with some of the

earliest demonstrations reported in [42] and was supplemented by other prominent works

focused on individual insect detection [43]. Many recent works focus on new RCS infor-

mation processing methods. For instance, Kong et al. [44] have presented a systematic

investigation on insect cross sections in lab conditions; they conducted work with multiple

frequencies and insect species and concluded that the measurement results confirmed the

established system’s effectiveness and accuracy. Another recent article [45] introduced an

approach to insect mass estimation with support vector regression; the best-reached esti-

mation accuracy of insect mass in lab conditions was 78%. Wang et al. [46] proposed a

new detection method for maneuvering targets with small RCS; it was tested with many

simulations and good field experiments. A fundamental way to characterize insect targets

for radar is through electromagnetic modeling of their scattering. Simple shape approx-

imations have often been used to simulate insect scattering: for instance, early studies

considered insects as dielectric spheres or ellipsoids to estimate RCS and its variation with

size, orientation, and frequency [13]–[15]. This simplification leverages classical scattering

theory when the insect’s dimensions are small relative to the wavelength. As radar tech-

nology advanced, more sophisticated models were explored – from point scatterer models

to anatomically-inspired shapes [17].
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Various mathematical solutions are considered for the improvement of the radar de-

tection ability. For instance, Hu et al. [22] proposed using the second-order polynomial

approximation for the insects’ horizontal speed estimation for high resolution and full po-

larization radar set. In [22], the same research group has studied the invariant target

parameters of a small sample of insects and proposed two methods for body mass and

length calculation. Recent research aims to improve the precision of extracting these mor-

phological parameters to enhance insect identification [23].

2.3.1 Motivation for Radar-Based Insect Monitoring

Radar systems offer several compelling advantages for insect monitoring, particularly in

scenarios where non-invasive, automated, and continuous sensing is required. Unlike visual

or acoustic methods, radar can operate under diverse lighting and weather conditions and

does not rely on line-of-sight imaging, making it well-suited for deployment in natural,

cluttered environments [47]. Furthermore, radar enables the capture of wingbeat frequency

and micro-Doppler modulations [20]. These characteristics, combined with the increasing

accessibility of compact, low-power Millimetre-Wave (mmWave) radar hardware, motivated

the focus of this thesis on radar-based insect monitoring as a scalable and non-lethal

alternative for biodiversity assessment.

2.4 Fundamentals of Radar

Radar is a term derived from the words "radio detection and ranging," and was initially

created to detect and measure the distance of a target by transmitting radio waves. How-

ever, modern radars have evolved to include capabilities such as target location, imaging,

and identification. A typical radar system consists of a transmitter, antenna, receiver,

and signal processor [48]. Radar can be categorized into monostatic and bistatic types

based on the physical distance between the transmitting and receiving antennas. In a

monostatic radar, a single antenna is used for both transmitting and receiving, while in

bistatic radar, the transmitting and receiving antennas are separated by a considerable dis-

tance [49]. Radar can also be classified based on the waveforms transmitted, such as CW

radar, where the transmitter operates continuously, where a continues sinusoidal signal is

constantly transmitted. Such a transmitter does not allow for distance measurement, as
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there is no reference point in the waveform [50]. Pulsed radar transmits a relatively short

burst of pulses, and after each pulse, the receiver is turned on to receive the echo. In

contrast, Fequency Modulated Continuous Wave (FMCW) radar transmits a continuous

signal whose frequency is modulated over time. This allows the system to simultaneously

extract both range and velocity information by analyzing the frequency difference between

the transmitted and received signals [51].

mmWave radar operates at much higher frequencies than conventional RF systems,

typically within the 30–300 GHz range. At these frequencies, the electromagnetic wave-

length lies between 1 − 10 mm, placing mmWave technology in the corresponding region

of the electromagnetic spectrum, as illustrated in Figure 2.1.

Compared to other radar types, mmWave radar offers several advantages, including

higher spatial resolution, strong penetration capabilities, and reduced interference. The

short wavelength enables the detection of very small objects, such as insects. Addition-

ally, they little to no impact on insect targets and are relatively insensitive to external

environmental conditions [52].

Rapid advances in semiconductor technology, system design, and computational per-

formance have significantly accelerated the development of mmWave radar over recent

decades. Although the high cost of mmWave hardware was once a major barrier, modern

semiconductor processes now allow the production of cost-effective mmWave devices.

Figure 2.1: Spectral location of millimeter-wave frequencies.

2.4.1 Radar Equation

The radar equation is used to determine the range of a radar-based on various factors such

as the transmitter, receiver, antenna, target, and distance. In the case of a monostatic

radar, the equation takes into account the transmitted power (Pt), antenna gain (G), RCS
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(σ), wavelength(λ) and the distance to the target (R). Using these factors, the equation

calculates the power at the target as follows [48].

Pd =
PtG

2σλ2

(4π)3R4
(2.1)

This formulation assumes far-field conditions and is used in this thesis to provide an order-

of-magnitude detectability estimate, in the near-field sensing configuration.

2.5 The Biomechanics of Insect flight: WBF and Morpho-

metrics

Insect WBF shows remarkable variation across species, ranging from approximately 5–6 Hz

in large, slow-flying dragonflies to more than 1000 Hz in minute midges. Typically, smaller

insects exhibit significantly higher wingbeat rates than their larger counterparts [53]. The

primary WBF is influenced by both wing loading and the insect’s muscle physiology [54],

[55].

Insects of the same body mass can have very different wing flapping speeds if their wing

dimensions differ significantly [56]. High wing loading (heavy body, small wings) necessi-

tates a higher WBF to generate sufficient lift. Low wing loading (light body, large wings)

permits slower WBF. In addition to morphology, muscle physiology plays a crucial role

in WBF. Asynchronous flight muscles, found in most endopterygote orders (e.g., Diptera,

Hymenoptera, Coleoptera), enable multiple wing strokes per neural impulse and support

very high WBFs, typically above 100 Hz. In contrast, synchronous muscles contract once

per neural impulse, limiting WBF to a few tens of Hz, up to around 100 Hz at most [57].

Muscle physiology thus co-evolves with wing morphology. Insects with high wing loading

often require asynchronous muscle to achieve the necessary WBF for flight [54].

Under constant flight conditions, the WBF (fw) increases with the square root of wing

loading (W/S), where W is the body mass and S is the wing area [58]. This frequency

is further constrained by muscle physiology, such that fw does not exceed the muscle’s

natural contraction frequency (fm). Based on this, fw can be modeled as

fw ≈ C

c

W

S
, subject to fw ≤ fm (2.2)
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Here, C can be treated as an empirical constant that represents aggregate aerodynamic

factors.

2.6 Review of Existing Insect Models

Direct measurements of the radar signatures of flying organisms, particularly insects, re-

main technically challenging [17], [59], [60]. Recent studies have shown that EM modelling

techniques can reliably reproduce the radar scattering characteristics of airborne animals

[13]. Nevertheless, accurately capturing the scattering behaviour of insects is non-trivial

due to their complex morphology, heterogeneous internal composition, and the presence of

fine structures such as wings and legs. A central question in this modelling effort is the

level of anatomical and geometric fidelity required in the input model, and the extent to

which specific morphological features influence the resulting radar signatures.

2.6.1 Simple Geometric Dielectric Models

Early entomological radar research often represented insects using highly simplified shapes

typically spheres, finite cylinders, or prolate spheroids illuminated by plane waves. In these

homogeneous dielectric models, an insect is approximated as a single body with uniform

complex permittivity.

The perfectly conducting sphere is the most mathematically tractable model owing

to its radial symmetry. However, the RCS of real insects is substantially more complex

because EM energy penetrates the body, scatters from internal boundaries, and interacts

with inhomogeneous tissues [48].

[61] demonstrated that an insect’s RCS could, to first order, be approximated by a

spherical water droplet of equivalent mass. Yet, because a sphere’s backscatter is indepen-

dent of viewing angle and polarization, this approximation fails to reproduce the strong

aspect and polarization dependence observed experimentally in insect scattering.

As more detailed morphological data became available, these simple forms were ex-

tended to dielectric prolate-spheroid models [14], [15]. In this family of models, the insect

is represented by a prolate spheroid whose dimensions are derived from measured body

length and width distributions, often with aspect ratios around 3:1–4:1 for winged insects.
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As morphological data improved, researchers adopted dielectric prolate-spheroid mod-

els [14], [15]. Here, body length and width distributions inform spheroid dimensions,

typically with aspect ratios of 3:1–4:1 for many winged insects. Given the longstand-

ing assumption that water content dominates insect scattering [62], many models treated

insects as water-filled spheroids. Building on this, [63] introduced an “insect-equivalent

RCS model,” representing insects as single-layer ellipsoids filled with a generic biological

medium (they use spinal cord tissue properties). More recently, [16] compared simulated

RCS from ellipsoids with different material compositions and found that mixtures of chitin

and hemolymph yielded scattering results closest to measured insect data.

2.6.2 High-fidelity Anatomical EM Models

Advances in imaging and computational EM have enabled the development of anatomi-

cally detailed models that go far beyond simple geometric approximations. [13] demon-

strated that full 3D EM modelling based on high-resolution anatomical meshes derived

from CT scans of bats and incorporating realistic tissue permittivities can accurately pre-

dict radar scattering across angles and polarizations. [64] extended similar computational

EM techniques to airborne insects, developing methods to predict insect RCS using de-

tailed geometry, tissue-specific permittivities, and method-of-moments or FDTD solvers.

[17] constructed a high-fidelity three-dimensional insect model using micro-CT scans of

a gold–palladium-coated specimen. Electromagnetic simulations performed in WiPL-D

Pro under different morphological and material configurations demonstrated that high-

resolution anatomical modelling provides clear advantages over the simple ellipsoidal mod-

els used in earlier studies.

2.7 Review of Dielectric and Electromagnetic Properties of

Insects

Historically, entomological radar studies have assumed that the dominant contributor to

electromagnetic scattering from insects is their high water content [62]. This assumption led

to EM models that represented insects as homogeneous water-filled spheroids or ellipsoids

[16], [63]. Water has a high relative permittivity (60) and a strong loss factor (–33), making
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it the dominant contributor to absorption and scattering in the microwave regime and thus

a convenient surrogate material in insect EM models.

Laboratory studies have shown that homogenised insect tissues exhibit relative per-

mittivities in the range of approximately 30–40 at microwave frequencies, with substantial

dielectric losses (loss factors around –16 to –21) [65]. These values vary markedly be-

tween species. For example, homogenised pastes of the lesser grain borer (Rhyzopertha

dominica), the rice weevil (Sitophilus oryzae), the red flour beetle (Tribolium castaneum),

and the saw-toothed grain beetle (Oryzaephilus surinamensis) all exhibit high permittivity

values (30–40) and large negative loss factors, reflecting their high water content and ionic

conductivity [65].

In contrast, chitin, the principal structural component of the exoskeleton, has a much

lower dielectric constant (3.8–4.5) and a negligible loss factor (–0.14 to –0.18), indicating

that it contributes weakly to microwave absorption [66].

2.8 Angle of Arrival (AoA) estimation

Figure 2.2: Classical linear array used for AoA Estimation

Localization refers to the process of determining the position or location of a target

or signal source relative to a reference system. Accurate localization plays a crucial role

across diverse domains, including wireless communication, navigation systems, autonomous

vehicles, the Internet of Things (IoT), and environmental monitoring. AoA estimation is a

popular localization technique based on relative angle measurements. In the state-of-the-

art, the method is implemented using antenna arrays, where the AoA algorithms exploit

the differential phase information from the array’s output, from which the arriving signal’s

source direction can be computed [67].
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The traditional setup for AoA estimation is illustrated in Fig. 2.2, where N indepen-

dent sources arrive at a linear antenna array consisting of M elements. Assuming each

source varies over time as ejωt, the array’s response to signals arriving from directions

θ1, θ2, . . . , θN can be represented as A, which is formed from the array steering vectors:

A = [a(θ1), a(θ2), · · · , a(θN )], (2.3)

a⃗(θi) =
”

e−jkd1 sin θi , e−jkd2 sin θi , · · · , e−jkdM sin θi
ıT

, (2.4)

here, k = 2π/λ is the wavenumber, and λ denotes the signal wavelength. It is essential

to note that this array response assumes an ideal case with no mutual coupling between

antenna elements. The received signal at the antenna array can be expressed in vector

form as

x(t) = As(t) + n(t), (2.5)

where x(t) ∈ CM×1 denotes the received signal vector across the M array elements, s(t) =

[s1(t), s2(t), . . . , sN (t)]T ∈ CN×1 represents the source signal vector corresponding to the

N impinging sources, and n(t) ∈ CM×1 is the additive noise vector, typically modeled as

zero-mean spatially white complex Gaussian noise.

The spatial covariance matrix of the received signal is defined as

Rx = E
{
x(t)xH(t)

}
= ARsA

H + σ2
nI, (2.6)

where Rs = E
{
s(t)sH(t)

}
denotes the source covariance matrix, σ2

n is the noise variance,

and I is the M ×M identity matrix.

AoA estimation methods can generally be categorized into two broad classes: conven-

tional (non-subspace-based) and subspace-based approaches.

1. Conventional Methods

These methods operate directly on the spatial covariance matrix (Rx) without involving

eigendecomposition.
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• Delay-and-Sum (DAS): A straightforward beamforming approach that computes

power in different directions by steering and summing phase-aligned signals [68]. For

spherical-mode-based multiport antennas, the DAS power spectrum is given by:

PDAS(θ) = aH(θ)Rx a(θ) (2.7)

• Minimum Variance Distortionless Response (MVDR): This method mini-

mizes received power from all directions except the look direction, thereby offering

better resolution in noisy or interfered environments [69]. The MVDR weight vector

is:

w(θ) =
R−1

x a(θ)

aH(θ)R−1
x a(θ)

(2.8)

and the output power is:

PMVDR(θ) = wH(θ)Rxw(θ) (2.9)

2. Subspace-Based Methods

These methods rely on the eigenvalue decomposition of the spatial covariance matrix to

separate signal and noise subspaces, offering significantly improved resolution.

• Multiple Signal Classification (MUSIC): MUSIC exploits the orthogonality

between the noise subspace and steering vectors of actual signals [70]. Its spatial

spectrum is defined as:

PMUSIC(θ) =
1

aH(θ)UnUH
n a(θ)

(2.10)

where Un denotes the noise eigenvector matrix obtained via eigendecomposition of

the spatial covariance matrix Rx, which can be computed from simulation or mea-

surements.

• Estimation of Signal Parameters via Rotational Invariance Techniques

(ESPRIT): Unlike other methods, ESPRIT does not require scanning across angles.

It relies on forming two overlapping subarrays from a parent array with translational
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invariance [71]. The signal subspace produced by these subarrays maintains rota-

tional invariance, and the ESPRIT algorithm leverages such invariance and operates

with pairs of identical sensors known as doublets.
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Chapter 3

Micro-Doppler Effects in Flying

Insects

In this chapter, the concept of the micro-Doppler effect generated by a flying insect is

introduced. The chapter establishes the theoretical framework underpinning the micro-

Doppler analysis used throughout this thesis. It begins with a brief overview of the Doppler

effect, followed by an introduction to the micro-Doppler phenomenon arising from the

biomechanical motion of insect flight.

Next, a dynamic insect modelling approach is proposed to investigate how wingbeat-

induced motion affects the antenna response in the near-field, in particular the variations

in antenna gain and reflection coefficient (S11). The dynamic modelling presented in this

chapter was published in [72]. These simulations provide initial evidence that the wing

dynamics of an insect can induce measurable perturbations in received mmWave signals,

thereby motivating experimental validation of the micro-Doppler effect in the antenna’s

near-field.

Finally, the chapter presents the experimental verification of the near-field micro-

Doppler effect at mmWave frequencies by analyzing reflected signals from individual flying

insects.

3.1 Doppler Effect

When a radar system transmits an electromagnetic waveform toward a target, the incident

field is scattered by the target and the resulting echo is received by the radar. The char-

acteristics of the backscattered signal depend on the physical and dynamical properties of
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the target. For a target moving with a constant radial velocity, the carrier frequency of

the received signal is shifted relative to that of the transmitted signal. This phenomenon

is known as the Doppler effect, and the corresponding frequency offset is referred to as the

Doppler shift [48]. The Doppler effect is of particular relevance in radar sensing because

both the radar platform and the target may be in motion, such that the transmitted and

backscattered fields can each be considered to originate from a moving source. Conceptu-

ally, the Doppler shift can be understood by recognizing that the motion of the source or

observer compresses or stretches the effective wavelength of the waveform, resulting in an

increase or decrease in the observed frequency.

The frequency shift caused by the Doppler effect can be calculated based on the relative

velocity (V) between the radar and the target and the frequency (f) of the electromagnetic

wave used by the radar.

fD = −2fV/c (3.1)

When a target is closing on the radar it introduces a positive Doppler shift, but has a

negative velocity since range is measured away from the radar. By including a minus sign

in the equations for Doppler shift a positive frequency shift is obtained for approaching

targets

3.2 Retrieving Doppler Signatures Using Quadrature Detec-

tion

The quadrature detector consists of two synchronous detectors operating together, produc-

ing one output corresponding to the phase of the input signal and another corresponding

to the same signal shifted by 90◦, allowing the sign of the phase to be determined. The

structure of the detector is shown in Figure 3.1. The received signal can be expressed as

A sin(ω0t + ϕ), where ω0 = 2πf0 is the radar’s angular reference frequency and ϕ is the

phase shift introduced by the motion of the target. The synchronous detection process

removes the reference carrier from the received signal, leaving only the phase variation.

The mixer stage represents a multiplication of the signals leading to:
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Figure 3.1: Quadrature Detection.

S(t) = A sin(ω0t+ ϕ) · k sin(ω0t)

= Ak sin(ω0t) rsinϕ cos(ω0t) + cosϕ sin(ω0t)s

=
kA

2
rsin(ϕ) sin(2ω0t) + cos(2ω0t) + cos(ϕ)s .

The low-pass filter removes the expressions representing frequencies of 2ω0, and through

arranging for k to equal 2 the output of the synchronous detector is:

S(t) = A cos(ϕ), (3.2)

which is the in-phase, or I-channel, output of the quadrature detector. If the phase of the

reference signal fed into the detector is delayed by 90◦ or π
2 radians then the output is:

S(t) = A cos
´

ϕ− π

2

¯

= A sin(ϕ),

(3.3)
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which is the quadrature, or Q-channel, output. Combining the I and Q outputs, a complex

Doppler signal can be formed by

S(t) = A cos(2πfDt) + iA sin(2πfDt)

= A cos(2πfDt) + iA sin(2πfDt)

= Aei2πfDt

(3.4)

Thus, the Doppler frequency shift fD can be estimated from the complex Doppler signal

S(t) by using a frequency measurement tool. To estimate the Doppler frequency shift of a

single sinusoidal signal, the periodogram can be used to calculate the spectral density of the

signal. Then the maximum likelihood estimation can be applied to locate the maximum

of the periodogram.

f̂D = max
fD(k)


ˇ

ˇ

ˇ

ˇ

ˇ

N∑
k=1

A(k)ej2πfD(k)

ˇ

ˇ

ˇ

ˇ

ˇ

2
 (3.5)

3.3 Micro-Doppler Effect

Micro-Doppler effects describe the Doppler frequency modulations generated by an object’s

micro-motions, such as oscillatory or small translational movements that are superimposed

on its overall motion [73]. For animals, these micro-movements include body dynamics or

wing flapping. When a radar signal is reflected from a moving animal, the uniform trans-

lational motion produces the main Doppler shift, while the rapid wing motion and other

dynamic movements introduce additional time-varying frequency components, referred to

as micro-Doppler.

In contrast to conventional mm-wave radar approaches, which are primarily designed

for detecting large-scale motion [12], [74] and generally use broad features of the radar

return, the micro-Doppler signature represents a species-specific motion pattern, similar to

a fingerprint. This enables the identification and characterization of insect species based

on their wingbeat frequency and movement patterns.

Micro-Doppler effects appear as characteristic patterns in the time–frequency repre-

sentation (spectrogram) of the radar return. Figure 3.2 illustrates an example of a micro-

Doppler spectrogram generated by an insect’s wing flapping. In this representation, har-

monic frequency bands can be observed as a result of the insect’s periodic wing motion.
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Figure 3.2: Micro-Doppler spectrogram of an insect wing flap. Repro-
duced from [75]

Each wingbeat modulates the reflected signal, producing harmonic components around the

primary Doppler frequency.

3.4 Signal Model Relates Micro-Doppler and Wingbeat Fre-

quency

Flying insects generate radar echoes that contain a slowly varying component from the

body motion and a rapidly periodic component caused by wing flapping. The received

signal can therefore be modeled as the combination of a low-frequency term due to body

motion, a higher-frequency wingbeat oscillation, and additive noise. For the general case of

an insect flying in front of the antenna, the complex down-converted micro-Doppler signal

can be written as:

A(t)ejϕ(t) = snoise(t) + sbody movement(t) + swingbeat(t) (3.6)

where snoise(t) corresponds to noise, including multiplicative background noise from all

non-insect reflective objects; sbodymovement(t) is the Doppler signal originating from the

movements of the insect due to its flight pattern; and swingbeat(t) is the micro-Doppler

periodic reflection due to wing movement. Since the latter component is periodic, that is,

modulated by the repeated wing movement, it can be expressed as the sum of harmonic
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signals with the lowest frequency corresponding to the frequency fw at which the insect

moves its wings:

swingbeat(t) =
N∑

n=1

Anexp(2πnfwt+ φn) (3.7)

where An and φn are, respectively, the effective amplitude and phase shift induced by

the wing-beating at (n)th harmonic frequency (visualized on Fig. 3.2). Harmonics in the

wing–beat micro-Doppler are a direct consequence of the non-rigid motion of the insect

wings and how it scatters EM waves. Several non-sinusoidal and multi-component motions

occur within one flapping cycle, and each of these introduces additional spectral lines at

integer multiples of the fw. If the motion were a perfect sinusoid with a single rigid

reflector, the radar return would contain only one Doppler tone at fw. Different parts of

the wing (e.g., the tip, base, and edges) are located at different ranges from the antenna

at each instant and move with different radial velocities. The coherent superposition of

the corresponding scattered fields makes the received signal non-sinusoidal, resulting in

harmonic components [53], [73].

3.5 Modelling of Micro-Doppler Effect in mm-Wave Antenna

Due to Near-Field Insect Fly-By

Prior work in electromagnetic simulation of insects has largely relied on static models,

using simplified geometries such as spheres [14], prolate spheroids [15], or ellipsoids [16],

which omit the biomechanical motion critical for generating micro-Doppler signatures.

While anatomically informed static models improve RCS fidelity over generic shapes [17],

they do not account for the temporal dynamics introduced by wingbeat and body motion.

To bridge this gap, we introduce a dynamic 3D insect model incorporating both wing-

flapping and translational movement, enabling simulation of time-varying electromagnetic

interactions with mmWave antennas.

The numerical analysis is carried out using the Finite Integration Technique (FIT)

solver in CST Microwave Studio. The simulated scenario includes a wideband horn antenna

operating in the 10−40GHz frequency range. The antenna has an aperture of Ha ×

Wa = 28.85 × 21.13 mm2, a rectangular throat of Hg × Wg = 15.10 × 4.36 mm2, and
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Figure 3.3: Simulated model with key dimensions. Reproduced from [72]

(a) (b)

Figure 3.4: Metallic horn antenna: (a) Side view and (b) Front view.

a waveguide feed with length Lg = 12.4 mm, as illustrated in Fig. 3.4. The antenna is

modeled using Perfect Electric Conductor (PEC) material to reduce simulation time, with

negligible impact on accuracy.

The insect target is represented as a solid 3D model, shown in the inset of Fig. 3.3.

The model moves linearly in front of the antenna while simultaneously flapping its wings.

The insect’s body is modeled as a cylindrical structure measuring 11mm in length and

1.44mm in diameter. The wings are modeled with dimensions of 16.73mm in length and

6.25mm in width. The dielectric constant (εr) and loss tangent (tan δ) of the insect are

taken as 34.3 and 18.6, respectively [65]. The wing motion is modeled as a ±45◦ sweep

from the planar rest position. The relationship between the insect’s translational motion
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(a) (b)

Figure 3.5: Antenna performance in free space (no insect): (a) Magnitude
of boresight antenna gain as a function of frequency and (b) Reflection

coefficient (S11) of the antenna as a function of frequency.

and wing flapping is obtained by calculating the wing angle α(dy) at each position dy as:

α(dy) = Acos

ˆ

2πfw
dy
v

˙

(3.8)

where A = 45◦ denotes the maximum angular position of the wings, fw is the WBF, dy

represents the position of the insect along the Y-axis, and v is its forward flight velocity.

The forward velocity and WBF are selected as 1m/s [76] and 200Hz [77], respectively,

values that are reported in the literature for small insects. The motion is evaluated along

the Y-axis from −20mm to +20mm, as shown in Fig. 3.3. The minimum distance between

the insect and the antenna aperture occurs at dy = 0, corresponding to 24mm separation.

Fig. 3.5(a) and Fig. 3.5(b) show, respectively the simulated gain at boresight and the

reflection coefficient in free space, i.e., without the insect. It can be seen that the antenna

operates within the whole bandwidth of interest, with stable gain ranging between 10-15

dBi, which is typical for horn antenna designs.

Fig. 3.6 and Fig. 3.7 presents a comprehensive analysis of the impact of insect hovering

(just wing flapping motion without translation motion) near an antenna, capturing both the

antenna gain and S11 over time, and their corresponding power spectral densities. Fig. 3.6

illustrates the phase, amplitude, and power spectrum of the antenna gain, respectively.

Similarly, depict the amplitude, phase, and power spectrum of the reflection coefficients.

In both the S11 and gain measurements, clear periodic fluctuations are observed in the

time-domain amplitude and phase plots. These oscillations are the result of the insect’s

wing movements modulating the electromagnetic environment around the antenna. As the

insect hovers, its flapping wings periodically scatter and reflect the incident electromagnetic
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(a) (b)

(c)

Figure 3.6: Antenna gain at boresight during insect wing flapping: (a)
Phase of the antenna gain, (b) Amplitude of the antenna gain (linear), (c)

Gain spectrum

(a) (b)

(c)

Figure 3.7: S11 at boresight during insect wing flapping: (a) Phase of the
S11, (b) Amplitude of the S11 (linear), (c) S11 spectrum.
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(a) (b)

(c)

Figure 3.8: Antenna gain at boresight during insect wing flapping and
translation motion: (a) Phase of the antenna gain, (b) Amplitude of the

antenna gain (linear), (c) Gain spectrum. Reproduced from [72]

waves, leading to time-varying distortions in both the reflected signal and the antenna’s

effective radiation characteristics.

Notably, the power spectral analysis in Fig. 3.6(c) and Fig. 3.7(c) reveals distinct

spectral peaks at 200 Hz and 400 Hz for both the reflection coefficients and the gain. The

200 Hz peak corresponds precisely to the modeled wing flapping frequency of the insect,

confirming that the periodicity observed in the time-domain data is directly linked to the

flapping motion. The second harmonic at 400 Hz arises from symmetric wing motion.

The magnitude of these fluctuations varies with frequency. Higher frequencies, such as

40 GHz, exhibit more pronounced oscillations, suggesting increased sensitivity to small-

scale motion like wingbeats. In contrast, lower frequencies show smoother, less intense

variations.

Fig.3.8(a) and Fig.3.8(b) depict respectively the periodic variations in phase and am-

plitude of the antenna gain during insect’s fly-by(insect posses both wing flapping motion

and translation motion), while Figs.3.9(a) and Fig.3.9(b) depict same effect for the S11.

Once the insect crosses antenna’s main beam (from -10 mm to 10 mm), it creates notice-

able fluctuations to gain and S11. A partial signal blockage causes drop in gain that is
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(a) (b)

(c)

Figure 3.9: S11 at boresight during insect wing flapping and translation
motion: (a) Phase of the S11, (b) Amplitude of the S11 (linear), (c) S11

spectrum. Reproduced from [72]

modulated by the insect’s WBF pattern. For the same locations, the S11 increases due

to increased reflection from the insect’s body that is also modulated by the same WBF.

As the effective area of the insect increases as the operating wavelength lowers, the higher

frequencies are more able for the proposed detection mechanism.

Fig. 3.8(c) and Fig. 3.9(c) illustrates the power spectral analysis of the gain and S11.

A peak around 25 Hz can be observed, which is due to the insect’s translation motion.

Another peak at 200 Hz correspond to the simulated insect’s WBF, followed by harmonic

peaks at 400 Hz. Since the WBF is correlated with insect’s size, its measurement is a first

step to insect identification and corresponding biodiversity analysis.

3.6 Micro-Doppler Effects in Flying Insects: Experimental

Verification

3.6.1 Measurement Setup and Experimental Protocol

Figure 3.10(a) illustrates the experimental setup. A mmWave broadband horn antenna

(BBHA 9170) transmits a CW signal generated by a Rohde & Schwarz Vector Network
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(a) Experimental setup (b) Vespula vulgaris

Figure 3.10: Methodology: (a) Experimental setup; (b) One of the inves-
tigated insects (Vespula vulgaris). Reproduced from [75]

Analyzer (VNA) and records the corresponding backscattered response. The reflection

coefficient S11 was measured over a duration of 10 s, yielding 10,001 samples of amplitude

and phase. Ethical approval for the study was obtained from the Ethics Committee of the

School of Natural Sciences, Trinity College Dublin.

Live insects belonging to the order Hymenoptera were collected on the Trinity College

Dublin campus and individually placed in small cylindrical plastic containers (4 cm in

diameter and 5 cm in height). Each container was positioned on a plastic support above

the mmWave antenna. The containers permitted natural wing motion while having a

negligible effect on the measured backscattered signal. Synchronized video recordings were

acquired to provide a coarse temporal reference for annotating wing activity during the

measurements.

3.6.2 Frequency Sensitivity Analysis: 10 GHz vs. 40 GHz

Figure 3.11 illustrates the effect of an insect on the radar return amplitude at two different

operating frequencies: 10 GHz and 40 GHz. In Fig. 3.11(a), both traces (with and without

the insect) remain relatively flat, indicating limited sensitivity to the insect at 10 GHz.

In contrast, Fig. 3.11(b) shows a clear difference at 40 GHz. While the no-insect signal

is stable, the presence of the insect produces distinct fluctuations in amplitude. This

confirms that higher mm-wave frequencies offer greater sensitivity to small targets such as

flying insects.
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(a)

(b)

Figure 3.11: Amplitude variation of radar signals at (a) 10 GHz and (b)
40 GHz frequencies with and without the presence of an insect.

(a) (b)

(c)

Figure 3.12: Time and frequency domain responses of a radar system
detecting insect activity. (a) Amplitude variation, (b) phase variation, and
(c) power spectral density across three scenarios: ambient noise (blue),

insect presence (orange), and insect with flapping wings (yellow).

PhD Thesis Linta Antony



Chapter 3. Micro-Doppler Effects in Flying Insects 36

3.6.3 Rationale for 30 GHz Operation and Sampling Rate

To further explore a system model capable of capturing object dynamics through time-

varying frequency and Doppler shifts for pollinator monitoring, a frequency of 30 GHz

and a sampling rate of 1 kHz were selected. This frequency provides a balance between

sensitivity and propagation attenuation.

Most pollinating insects exhibit wingbeat frequencies in the range of approximately

100–200 Hz. Based on the Nyquist criterion, a 1 kHz sampling rate is sufficient to capture

signals up to 500 Hz, leaving adequate margin for detecting wingbeat harmonics and more

complex motion components.

3.6.4 Experimental Results at 30 GHz

Figure 3.12 shows the S11 responses at 30 GHz and 1 kHz sampling rate under three

experimental conditions: (i) insect absence (noise floor), (ii) insect present but stationary,

and (iii) active wing flapping. The results are presented using amplitude, phase, and power

spectrum representations.

Noise Floor: Insect Absent

In the absence of any insect, the mm-wave signal remains steady with flat amplitude and

phase response. The corresponding spectrum shows negligible power, representing the

nominal noise floor of the measurement.

Stationary Insect: No Wing Motion

When the insect is present but not flapping its wings, subtle amplitude variations are

observed. These small fluctuations slightly increase the received signal power, enabling

detection of the insect even in stationary conditions. The phase response remains largely

stable but exhibits minor drifts. The spectrum shows a noticeable increase in power at low

frequencies (below ∼ 50 Hz), clearly differentiating this case from the noise-only scenario.

This broadband elevation confirms that even a stationary insect introduces low-frequency

dynamics detectable by the mm-wave signal.
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Active Wing Flapping: Micro-Doppler Signatures

With the insect actively flapping its wings, the mm-wave response becomes strongly time-

varying. Pronounced periodic modulations are observed in both the amplitude and phase

signals. The spectrum exhibits distinct harmonic peaks corresponding to the WBF and

its higher-order harmonics, confirming the presence of micro-Doppler features induced by

wing motion.

3.6.5 Impact of Environmental Clutter on Insect Wing Flap

In the time domain, clutter appears as high-amplitude, slowly varying components that

can mask the much weaker reflections from insects. Wind-driven vegetation motion, such

as moving branches or grass, creates low-frequency fluctuations in amplitude, producing

a slowly varying baseline. Airborne clutter, including drifting leaves or birds, produces

short transient peaks when they enter the radar beam. In contrast, insect wingbeats

generate fast, quasi-periodic modulations in both amplitude and phase, resulting in clear

micro-Doppler features.

In the frequency domain, insect wing motion produces distinct spectral components

at the WBF and its harmonics. Clutter, on the other hand, concentrates energy near

zero Doppler. Static or very slow objects (e.g., ground or tree trunks) contribute a strong

DC component, while vegetation motion broadens the spectrum around low frequencies,

often forming an exponential-like decay near 0 Hz. Bird wingbeats may introduce low-

frequency micro-Doppler signatures (typically 2–20 Hz), but these remain well separated

from the higher-frequency components produced by insects [78]. Consequently, clutter

dominates the low-frequency region, whereas insects introduce higher-frequency signatures

characteristic of wing motion.

Figure 3.12(c) compares the amplitude spectra for ambient noise, insect presence, and

active wing flapping. A strong component at 0 Hz corresponds to ambient noise, while

the wing-flapping case shows symmetric peaks at the WBF. The noise floor acts as the

baseline for these spectra, reflecting sensor and environmental noise, and may reduce the

visibility of spectral peaks when sufficiently high.
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3.7 Summary

This chapter introduced the fundamental principles of the Doppler and micro-Doppler ef-

fects and developed a theoretical framework for describing the micro-Doppler signatures

generated by flying insects. Based on this formulation, a dynamic insect model was pro-

posed to investigate how wingbeat-induced motion influences the antenna response in the

near-field. Electromagnetic simulations were used to evaluate the impact of the insect’s

periodic wing motion on the antenna gain and reflection coefficient (S11) as the insect

passes near the antenna aperture.

The simulation results showed that insect wingbeats produce characteristic periodic

fluctuations in both S11 and gain, directly corresponding to the WBF and its harmonic

structure. To validate these findings, experiments were performed using live insects. The

measurements demonstrated that a 30 GHz radar system sampled at 1 kHz can reliably

distinguish between three cases: no insect, stationary insect, and active wing flapping.

Notably, even when the insect is stationary, small signal modulations are observable, indi-

cating that the radar is sensitive to subtle biological dynamics beyond overt wing motion.

Since different insect species exhibit distinct wingbeat frequencies and motion patterns,

the resulting harmonic composition of swing beat(t) forms a species-specific motion signa-

ture. The following chapters show that these spectral features can be extracted and used

for automatic identification and classification of insects. Different insect species exhibit dis-

tinct wing movement patterns, which can be seen in the harmonic spectrum of swing beat(t),

as demonstrated in the following chapters.
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Chapter 4

Micro-Doppler Feature Extraction

and Analysis

This chapter presents the development and analysis of an automated signal processing

framework for isolating micro-Doppler activity. By automatically identifying and segment-

ing relevant signal portions, the framework provides a structured foundation for subsequent

feature extraction and machine learning-based classification.

To guide the feature extraction strategy, the temporal and spectral signatures of wing-

flapping micro-Doppler signals were first examined for two representative pollinator species:

Bombus terrestris and Apis mellifera. To quantitatively describe these patterns, the micro-

Doppler–active signal segments were analyzed to extract temporal, harmonic, spectral, and

band power features. These features provide a compact and informative representation of

key signal properties, including oscillation rates, frequency content, harmonic structure,

and energy distribution across Doppler frequencies. The feature analysis explained in this

chapter was presented at [79]. These observations establish a clear spectral and temporal

basis for subsequent step toward automated, species-level insect monitoring using radar

sensing.

4.1 Wingbeat-Induced Micro-Doppler Signal Segments Se-

lection

Processing continuously recorded signal data for real-time insect detection presents a sig-

nificant computational challenge, as it requires analyzing large volumes of raw signals and
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Figure 4.1: Wingbeat-induced micro-Doppler signal segments.

spectrograms. To address this, the proposed automated detection framework isolates rele-

vant micro-Doppler segments, reducing manual inspection and facilitating future machine

learning-based insect identification. Insect wing flapping is characterized by patterns of

harmonics in the signal. This periodic structure allows the determination of whether or not

a signal segment has a micro-Doppler contribution due to the presence of insects. For this,

a micro-Doppler segment extraction algorithm is implemented as depicted in Figure. 4.1.

The signal is first normalized to reduce the effects of noise. Then, it is high-pass filtered

using a 2nd-order Chebyshev high-pass filter with a cut-off frequency of 50 Hz to remove

slow-moving background noise. This choice of filter frequency was based on the reported

wing-beat frequency of insect pollinators, which is typically above 50 Hz [80].

The mmWave signal is segmented into overlapping frames using a 2 s Hann window

with a 1 s overlap. The selected window length ensures that multiple wingbeat cycles

are captured within each frame. The use of a Hann window reduces spectral leakage and

improves the reliability of frequency-domain feature extraction. A 50% overlap is employed

to avoid loss of transient micro-Doppler events at frame boundaries and to increase the

number of valid samples without introducing significant redundancy. For each frame, a

harmonic ratio is computed to quantify the degree of periodicity present in the signal. The

harmonic ratio reflects the relative contribution of harmonic components to the total signal

energy and is derived from the normalized autocorrelation function, which measures the

similarity between a signal segment and its time-shifted versions [81].

Given a signal frame x of length L, the normalized autocorrelation Ψ(k) is evaluated
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Figure 4.2: Example of micro-Doppler segment extraction from an insect
radar signature. The insect remains stationary for the first 6 s, after which
flight begins, as confirmed by video. (a) Raw signal with the micro-Doppler
segment highlighted. (b) Harmonic ratio over time, increasing sharply with
the onset of wing flapping. (c) Short-Time Fourier Transform (STFT) spec-

trogram showing periodic micro-Doppler bands between 6 and 10 s.

for each lag k, and the harmonic ratio ηHR is defined as the maximum value of Ψ(k) over

a predefined lag interval [K0,K]. Higher harmonic ratio values indicate a stronger peri-

odic structure, making this metric well suited for detecting micro-Doppler effects caused

by repetitive motions such as insect wing flapping. Signal frames with a harmonic ra-

tio exceeding a predefined threshold (0.4) are therefore retained for further analysis. A

threshold of 0.4 was selected empirically as a trade-off between retaining weak but valid

insect micro-Doppler signatures and rejecting noise-dominated or non-periodic segments.

This value was found to provide consistent separation between insect flight activity and

background clutter under the present measurement conditions

As shown in Fig. 4.2, the insect remained stationary during the first 6 s, resulting in

harmonic ratio values below 0.4. At approximately 6 s, the onset of hovering behavior led

to a noticeable increase in the harmonic ratio, accompanied by the emergence of periodic

micro-Doppler patterns in the spectrogram. This behavioral transition was confirmed by

the corresponding video footage.
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4.2 Observed Signal Patterns and Feature Analysis Motiva-

tion

The temporal and spectral signatures shown in Fig. 4.3 illustrate the characteristic differ-

ences in radar backscatter generated by wing-flapping insects. The raw time-domain signals

capture the overall oscillatory energy associated with wing motion, while the high-pass

filtered segments isolate the fast variations corresponding to micro-Doppler components

induced by wingbeat. The accompanying spectrograms reveal clear harmonic structures,

with the B. terrestris exhibiting lower fundamental frequencies and slightly more concen-

trated harmonic energy around the fundamental and its harmonics. Whereas A. mellifera

shows higher wingbeat frequencies and a broader energy distribution across frequencies. To

quantitatively describe these patterns, the micro-Doppler–active signal segments were an-

alyzed to extract discriminative features that reflect the underlying temporal and spectral

characteristics of wingbeat dynamics.

4.3 Micro-Doppler Feature Extraction and Analysis

This study aims to capture micro-Doppler patterns by extracting harmonic, spectral, and

temporal features from the detected signal segments obtained from three individuals each

of A. mellifera and B. terrestris. In total, 254 micro-Doppler segments were extracted for

A. mellifera and 277 for B. terrestris. To the best of our knowledge, this is the first study

to quantitatively characterise these complementary feature domains from active micro-

Doppler signal segments in order to represent different aspects of insect wingbeat dynamics.

This provides sufficient samples for feature-level statistical analysis, while highlighting the

need for future measurements on a larger population to improve generalisability.

4.3.1 Harmonic Features

Harmonic features characterize the periodic structure of the radar signal produced by wing

flapping. Periodic wing motion creates a distinct harmonic pattern in both the time and

frequency domains, which can be used to estimate fundamental wingbeat frequency and

quantify signal periodicity.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.3: Temporal and spectral characteristics of wing-flapping micro-
Doppler signals from Bombus terrestris (left) and Apis mellifera (right).
(a–b) Raw reflected signal amplitude over the full observation window.
(c–d) High-pass filtered segments of the first 1 s, isolating wingbeat-induced
micro-Doppler after background removal. (e–f) Spectrograms highlighting
the fundamental and harmonic bands; B. terrestris exhibits a lower funda-
mental frequency, whereas A. mellifera shows higher wingbeat frequency.
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1. Harmonic Ratio.

The Harmonic Ratio (ηHR) is a measure of the periodicity of the signal. Autocorrelation

can be used to calculate the harmonic ratio by taking a short fragment of the signal and

comparing it with future samples. The normalized autocorrelation function Ψ(k) can be

expressed as:

Ψ(k) =

∑L
i=1 x(i)x(i− k)

b∑L
i=1 x(i)

2
∑L

i=0 x(i− k)2
for 1 ≤ k ≤ K (4.1)

where x is a single frame of signal with L elements and K is the maximum lag in the

calculation. The harmonic ratio ηHR is determined as the maximum value of the normalized

autocorrelation within the given range [81]:

ηHR = max
K0≤k≤K

{Ψ(k)} (4.2)

ηHR represents how strongly the signal repeats itself over time. A high harmonic ratio

Figure 4.4: Harmonic ratio distribution for A. mellifera and B. terrestris.

indicates clean, periodic wingbeats with strong harmonic structure, while lower values re-

flect more irregular motion. Because it relies on time-domain autocorrelation, this feature

is less affected by amplitude variations. As shown in the Fig. 4.4, B. terrestris exhibits

higher harmonic ratio values than A. mellifera, reflecting stronger and more stable har-

monic components. This stems from flight biomechanics: bumblebees, with lower wingbeat

frequencies and steadier flight, generate more regular Doppler harmonics.
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2. Fundamental Frequency (STFT_F0).

The fundamental frequency f̂0 is estimated from the Doppler spectrum using a Welch-type

periodogram. In this method, 39% of the available samples in each frame are used per

segment to compute the averaged power spectrum:

Ŝ(f) =
1

M

M∑
m=1

1

U

ˇ

ˇ

ˇ

ˇ

Xm(f)

ˇ

ˇ

ˇ

ˇ

2

,

where Xm(f) is the short-time Fourier transform of segment m, U is a normalization factor,

and M is the number of segments.

The fundamental frequency is identified as the location of the lowest-frequency peak

among the six strongest peaks:

f̂0 = min{fpeak,i}, i ∈ {1, . . . , 6}.

The Welch method provides a smoothed spectral estimate that is less sensitive to noise

compared to a single FFT. By selecting the lowest dominant peak, f̂0 corresponds to the

fundamental wingbeat frequency, while the remaining peaks at integer multiples correspond

to harmonics. Fig. 4.5 indicates a clear difference in f̂0 between the two species. A.

mellifera shows higher f̂0, while B. terrestris displays lower f̂0. This pattern is consistent

with the general tendency for smaller insects to have higher wingbeat frequencies, whereas

larger insects typically flap more slowly.

Figure 4.5: STFT_F0 distribution for A. mellifera and B. terrestris.
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4.3.2 Temporal Features

Temporal features describe properties of the signal directly in the time domain. They are

particularly useful for capturing the overall activity level and oscillatory behavior produced

by insect wingbeats before moving into spectral analysis. While simple, these features often

carry strong discriminative information and complement the spectral analysis.

1. Zero-Crossing Rate (ZCR)

The ZCR measures how frequently the signal waveform crosses the zero-amplitude axis

within a given frame:

ZCR =
1

N − 1

N−1∑
n=1

1

ˆ

sign(x[n]) ̸= sign(x[n− 1])

˙

,

where 1(·) is the indicator function.

Figure 4.6: ZCR distribution for A. mellifera and B. terrestris

Fig. 4.6 shows that A. mellifera exhibits higher ZCR compared to B. terrestris. Higher

ZCR values reflect more rapid fluctuations in the signal, which are typically associated

with higher wingbeat frequencies and faster oscillatory motion. In contrast, the lower

ZCR values observed for B. terrestris are consistent with slower wingbeat rates and less

frequent signal oscillations. This difference aligns with the expected relationship between

insect body size, wingbeat frequency, and temporal signal characteristics.
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2. Root Mean Square Energy (RMS) Energy (RMS Energy)

The RMS Energy quantifies the overall energy content of the signal:

RMS =

g

f

f

e

1

N

N−1∑
n=0

|x[n]|2.

RMS Energy measures the signal’s magnitude over time, reflecting the strength of the

radar return caused by insect motion. Fig. 4.7 shows that B. terrestris has higher RMS

Figure 4.7: RMS Energy distribution for A. mellifera and B. terrestris

energy values compared to A. mellifera. This is consistent with the expectation that larger

insects or those producing stronger radar reflections generate higher signal energy. In

contrast, the lower RMS energy observed for A. mellifera likely reflects its smaller body

size and consequently weaker backscatter.

4.3.3 Spectral Features

Spectral features describe the distribution and variation of signal energy across frequency.

For radar-based insect detection, these features capture how the wingbeat-induced micro-

Doppler energy is structured in the frequency domain.

Let the short-time complex radar signal be x[n] = I[n] + jQ[n], windowed by w[n] of

length N and sampled at rate Fs. The discrete Fourier transform (DFT) and corresponding

power spectrum are:

X[k] =

N−1∑
n=0

x[n]w[n]e−j2πkn/N , P [k] =
1

N
|X[k]|2,
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where f [k] = kFs/N is the Doppler frequency bin. The normalized spectrum is defined as

P̃ [k] = P [k]/
∑

k P [k].

1. Spectral Centroids

The spectral centroids represents the frequency “center of gravity” of the power spectrum

[82]:

C =

∑
k f [k]P [k]∑

k P [k]
,

where P [k] is the power spectrum and f [k] is the Doppler frequency corresponding to the

k-th spectral bin.

Figure 4.8: Spectral Centroid distribution for A. mellifera and B. ter-
restris

Fig. 4.8 shows that A. mellifera exhibits higher centroid values compared to B. ter-

restris. A higher spectral centroid indicates that more signal energy is concentrated at

higher frequencies, which is consistent with the faster wingbeat rates of honeybees. Con-

versely, the lower centroid values for B. terrestris reflect energy concentrated in lower

Doppler regions, aligning with their slower wing motions and lower fundamental frequen-

cies.

2. Spectral Flatness

The Spectral Flatness quantifies how evenly the energy is distributed across frequencies: It

is defined as the ratio of the geometric mean to the arithmetic mean of the power spectral
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density, indicating how uniform the spectral power distribution is across the frequency

range [83]:

Spectral flatness =

´∏N−1
k=0 P (k)

¯
1
N

1
N

∑N−1
k=0 P (k)

(4.3)

where P (k) is the power spectral density at frequency bin k, N is the number of

frequency bins.

Figure 4.9: Spectral flatness distribution for A. mellifera and B. terrestris

Fig. 4.9 shows that A. mellifera has higher flatness values compared to B. terrestris.

Higher spectral flatness indicates a more broadband signal distribution. In contrast, the

lower flatness observed for B. terrestris suggests a more concentrated harmonic energy.

3. Spectral Flux

The Spectral Flux measures the amount of spectral change between consecutive time

frames:

Flux(m) =
∑
k

´

P̃m[k]− P̃m−1[k]
¯2

Quantifies frame-to-frame spectral variation [84]. Fig. 4.10 shows that B. terrestris has

higher flux values compared to A. mellifera. Larger flux values indicate greater frame-to-

frame changes in the spectrum, which may result from more pronounced wing or body

motion dynamics.
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Figure 4.10: Spectral flux distribution for A. mellifera and B. terrestris

4. Spectral Roll-Off

The spectral roll-off frequency is defined as the frequency bin i at which a fixed proportion

ρ of the total spectral energy is accumulated [84]. Formally, this is determined by finding

the smallest index i that satisfies

i∑
k=b1

P [k] = ρ

b2∑
k=b1

P [k],

where P [k] represents the spectral power at bin k, b1 and b2 denote the lower and upper

frequency band edges in bins, and ρ is the chosen energy percentage threshold (e.g., ρ =

0.95). This feature effectively characterizes the frequency range over which most of the

signal energy is concentrated and tends to shift upward for smaller or faster-flapping insects

with higher Doppler content.

Fig. 4.11 shows that A. mellifera has higher roll-off frequencies than B. terrestris,

indicating more energy concentrated at higher Doppler frequencies. This aligns with the

faster wingbeat rates of honeybees, while the lower roll-off for bumblebees reflects slower

wing motions and lower fundamental frequencies. Fig. 4.11 shows that A. mellifera has

higher roll-off values compared to B. terrestris. Higher roll-off indicates that a greater

portion of the signal energy is concentrated in higher Doppler frequency regions, which

is consistent with the faster wingbeat rates of honeybees. In contrast, the lower roll-off

values observed for bumblebees reflect energy concentrated at lower Doppler frequencies,

aligning with their slower wing motions.
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Figure 4.11: Spectral roll-Off distribution for A. mellifera and B. ter-
restris

5. Spectral Bandwidth

The spectral bandwidth (occupied bandwidth) is defined as the frequency range that con-

tains a fixed percentage of the total spectral energy of the signal. It is computed from the

cumulative distribution of the power spectral density obtained using a periodogram with

a rectangular window. The spectral bandwidth is given by

BW = fp2 − fp1 ,

where fp1 and fp2 are the lower and upper frequency bounds at which the cumulative spec-

tral energy reaches the percentages p1 and p2 of the total energy, respectively. Typically,

p1 and p2 are set to 0.5% and 99.5% [85].

Figure 4.12: Spectral bandwidth distribution for A. mellifera and B.
terrestris
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Fig. 4.12 shows that A. mellifera exhibits a wider occupied Doppler bandwidth com-

pared to B. terrestris. This indicates that a larger portion of the signal energy in honeybees

is distributed over higher frequencies, consistent with their faster wingbeat rates and more

dynamic flight patterns. In contrast, the narrower BW for bumblebees reflects energy

concentrated within a smaller frequency range, aligning with their lower and more stable

wingbeat frequencies.

6. Spectral Skewness and Kurtosis

Spectral Skewness and Kurtosis describe the shape of the spectral distribution:

Skew =

∑
k(f [k]− C)3P [k]

(
∑

k P [k]) BW3 , Kurt =

∑
k(f [k]− C)4P [k]

(
∑

k P [k]) BW4

Skewness indicates asymmetry in spectral energy distribution (bias toward higher or

lower Doppler) [86]. Higher skewness indicates that the spectral energy is more asymmet-

rically distributed, with stronger dominance toward lower frequencies. This is consistent

with bumblebees’ lower fundamental wingbeat frequency and energy concentration in lower

Doppler regions (Fig. 4.13). Honeybees, with lower skewness, have a more balanced spectral

distribution due to their broader frequency spread. Kurtosis quantifies the peakedness of

Figure 4.13: Skewness distribution for A. mellifera and B. terrestris

the spectral peaks [86], higher values signify sharp harmonic peaks from stable wingbeats.

Fig. 4.14 shows that B. terrestris has higher kurtosis values compared to A. mellifera.

A higher kurtosis reflects a sharper, more peaked spectral distribution, indicating energy
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Figure 4.14: Kurtosis distribution for A. mellifera and B. terrestris

concentrated near the fundamental frequency with less spread. In contrast, the lower kur-

tosis in honeybees suggests a flatter spectral profile with more distributed harmonic energy,

aligning with their faster wingbeat rates and broader spectral content.

7. Spectral Decrease

The spectral decrease quantifies how rapidly spectral amplitude decays at higher frequen-

cies [82]:

Spectral decrease =

∑N
k=2

P (k)−P (1)
k−1∑N

k=2 P (k)

where P (k) represents the power spectral density at the k-th frequency bin and N is the

total number of frequency bins.

This expression quantifies the rate at which the spectral amplitude decreases with

increasing frequency, where larger values correspond to a steeper decay of energy across

the spectrum. Fig. 4.15 shows that B. terrestris has notably higher values compared to

A. mellifera, suggesting that most of the energy for bumblebees is concentrated near the

fundamental frequency with a rapid drop-off at higher frequencies. In contrast, the lower

decrease values for honeybees indicate a more gradual decay, consistent with their broader

spectral energy distribution caused by faster wingbeats and stronger harmonic content.

A more negative slope corresponds to tonal, periodic wingbeats; a flatter slope indicates

broadband scattering or turbulent motion.
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Figure 4.15: Spectral decrease distribution for A. mellifera and B. ter-
restris

8. Band Power Features

Band power features represent the total energy contained within fixed frequency intervals:

BP[a,b] =
∑

f [k]∈[a,b]

P [k]

Total energy within fixed Doppler frequency bands. Different insect taxa distribute their

wingbeat energy in distinct frequency intervals, enabling class discrimination.

The box plots of band power across different frequency ranges reveal distinct spectral

energy distributions between B. terrestris and A. mellifera. In the lower frequency band

(100–150 Hz), B. terrestris exhibits consistently higher energy, reflecting its lower funda-

mental wingbeat frequency and strong harmonic components concentrated at the lower end

of the Doppler spectrum. This is clearly visible in the spectrogram, where the bumblebee

signal shows bright, stable harmonic bands in the lower frequency region.

In contrast, A. mellifera shows higher energy in the mid- and high-frequency bands

(150–200 Hz and 350–400 Hz), consistent with its higher wingbeat rate and broader spectral

spread. The honeybee spectrogram displays elevated energy at higher Doppler frequencies,

corresponding to more intense wingbeat harmonics and possibly more dynamic flight.

Cepstral Features: Mel Frequency Cepstral Coefficients (MFCCs)

MFCCs provide a compact and robust representation of the spectral envelope of a signal.

They are derived by first computing the power spectrum of the signal using the STFT,
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(a) (b) (c)

Figure 4.16: Band Power distribution for A. mellifera and B. terrestris

which represents the frequency content over time. The resulting spectrum is then passed

through a Mel-scale filterbank, a perceptually motivated frequency warping that provides

finer resolution at lower frequencies and coarser resolution at higher frequencies. For each

filter m, the energy is computed as

Em =
∑
f

P (f)Hm(f),

where P (f) denotes the power spectrum and Hm(f) represents the weighting function of

the m-th Mel filter. The logarithm of the filterbank energies is then taken to compress the

dynamic range and emphasize relative differences. The discrete cosine transform is finally

applied to decorrelate the log energies and obtain the cepstral coefficients:

Cn =

M∑
m=1

log(Em) cos

„

πn

M

ˆ

m− 1

2

˙ȷ

, n = 0, 1, . . . , Nc − 1.
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(a) (b) (c)

Figure 4.17: mfcc1, mfccDelta1, and mfccDeltaDelta1 distribution for A.
mellifera and B. terrestris

These coefficients collectively form the MFCC representation, where lower-order coefficients

capture the coarse spectral envelope and higher-order coefficients describe finer spectral

details.

MFCCs are extracted as a vector of cepstral coefficients (indexed as mfcc0, mfcc1, . . . ),

representing the spectral envelope of the reflected signal. First-order temporal derivatives

(mfccDelta) are computed for each MFCC coefficient and capture the rate of change of the

spectral envelope over time, while second-order derivatives (mfccDeltaDelta) capture the

acceleration of these changes, reflecting the smoothness or abruptness of temporal spectral

evolution associated with insect wing-beat motion. The box plots of MFCC1, mfccDelta1,

and mfccDeltaDelta1 show clear differences between A. mellifera and B. terrestris. B.

terrestris consistently exhibits higher values across all three representations, reflecting its

lower and more stable wingbeat frequencies that produce stronger low-frequency harmonic

components. In contrast, A. mellifera shows lower MFCC values, consistent with its higher

wingbeat frequencies and broader spectral distribution.
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4.4 Feature Analysis Summary

Each spectral and temporal feature captures a distinct characteristic of the wingbeat-

induced micro-Doppler signature, enabling clear discrimination between the two insect

species. Features related to periodicity and tonal structure, including harmonic ratio,

spectral flatness, kurtosis, and spectral decrease, indicate that B. terrestris exhibits more

stable and tonal wingbeat patterns, with higher harmonic ratio, lower spectral flatness,

and higher kurtosis, reflecting energy concentration near the fundamental frequency. In

contrast, A. mellifera demonstrates lower harmonic ratio and kurtosis together with a

slower spectral decay, suggesting reduced harmonic stability and a broader distribution of

spectral energy.

Spectral balance metrics, such as centroid, roll-off, and bandwidth, further distinguish

the species, with A. mellifera showing consistently higher values, in line with its higher

wingbeat frequency and increased harmonic energy in higher Doppler regions. Conversely,

B. terrestris concentrates energy at lower frequencies, consistent with slower and more

stable wing motion. Temporal dynamics captured by spectral flux reveal higher variability

for B. terrestris, indicating more pronounced transitions between wing strokes and fluctu-

ations in harmonic structure, whereas A. mellifera exhibits lower flux, reflecting a more

uniform spectral profile despite operating at higher frequencies.

Energy localization metrics, including band power, highlight species-specific frequency

dominance, with bumblebees exhibiting stronger energy in lower frequency bands (100–

150 Hz), while honeybees dominate higher frequency bands (150–200 Hz and 350–400 Hz),

corresponding to their distinct wingbeat frequencies and harmonic distributions. Finally,

compact spectral representations provided by MFCCs and their temporal derivatives offer

clear separability between species: higher MFCC values for B. terrestris reflect concen-

trated low-frequency energy, whereas lower values for A. mellifera indicate greater high-

frequency spread and increased spectral complexity.

Together, these temporal and spectral features provide a distinctive multi-domain fin-

gerprint of wingbeat dynamics, enabling reliable differentiation between the two species

and forming a strong basis for downstream classification.
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4.5 Summary

This chapter first introduced an automated signal processing framework designed to effi-

ciently isolate micro-Doppler activity from continuously recorded radar data.

To motivate the feature extraction strategy, temporal and spectral signatures of wing-

flapping micro-Doppler signals were compared and illustrated for two representative species:

B. terrestris and A. mellifera. To quantitatively capture these patterns, the micro-Doppler

active signal segments were analyzed to extract features that characterize different as-

pects of wingbeat dynamics. Temporal, harmonic, spectral, and band power features were

computed to describe oscillation rates, frequency content, harmonic richness, and energy

distribution across Doppler frequencies. The feature analysis revealed consistent and inter-

pretable patterns between the bumblebee and the honeybee. Bumblebees exhibited lower

fundamental frequencies, narrower bandwidth, and higher harmonic stability, whereas hon-

eybees showed higher wingbeat frequencies, broader spectral spread, and increased energy

at higher Doppler frequencies.

While the extracted features already demonstrate clear separability between the two

pollinating insect species with distinct body sizes, achieving fine-grained classification

among closely related species remains more challenging. This motivates the use of ad-

vanced machine learning models capable of learning complex decision boundaries and sub-

tle feature interactions, which is addressed in the subsequent chapter.

PhD Thesis Linta Antony



59

Chapter 5

Taxonomic Classification of Insects

Chapter 5 introduces an innovative method for classifying individual pollinating insects

taxonomically using mmWave signal technology along with a hierarchical Machine Learn-

ing (ML) framework. It systematically examines signal features related to wing flapping

and utilizes SHAP (SHapley Additive exPlanation) analysis to pinpoint the most influential

features for classification success. A hierarchical ML model was developed, achieving an

85% accuracy rate in classifying five major pollinator species. With mmWave systems in-

creasingly integrated into communication infrastructure, this approach provides a scalable,

cost-effective, and contactless means of high-resolution insect biodiversity monitoring.

5.1 Methodology

Data
acquisition

Raw  sensor data

Micro doppler
signal processing

High pass filtering

Harmonic feature
extraction 

Power spectral
features
Temporal
features
Harmonic
features

Feature
evaluation

Micro doppler
segment extraction

 Normalization

Vespidae
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Bombus
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Micro-
Doppler
dataset

Training
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Test set

Model 1
Training set 2

Training set 3

Training set 1

Model 2

Model 3AI classification

Apidae

(Vespula vulgaris)

(Apis mellifera)

B. muscorum
B. terrestris

Figure 5.1: Overview of the proposed methodology for micro-
Doppler–based insect taxonomic classification



Chapter 5. Taxonomic Classification of Insects 60

Figure 5.1 provides an overview of the proposed methodology for micro-Doppler–based

insect taxonomic classification. The process begins with radar data acquisition, in which

reflected signals from flying insects are recorded following the transmission of a single-

frequency CW signal. The acquired signals are subsequently preprocessed to identify and

isolate time segments containing wingbeat-induced micro-Doppler activity. From these

segments, a set of discriminative features describing wing-flapping dynamics is extracted.

Feature relevance is then assessed using SHAP to interpret the contribution of individual

features to the classification process, and a labeled micro-Doppler dataset is constructed

across multiple insect species.

To ensure subject-independent evaluation, the dataset is partitioned into training and

testing subsets based on individual insect identifiers, preventing signals from the same in-

sect from appearing in both sets. Finally, a three-tier hierarchical classification framework

is employed to perform taxonomic identification at the family, genus, and species levels.

5.1.1 Data Collection

The data acquisition for the taxonomic classification experiments followed the experimental

setup described in Chapter 3. Measurements were conducted between May and Novem-

ber 2023 using live insects from the order Hymenoptera, which were released back into

their natural environment after data collection. CW measurements were performed at

30 GHz using a Rohde & Schwarz Vector Network Analyzer and a broadband horn an-

tenna (BBHA 9170). For each trial, the reflected signal was recorded for 60 s, resulting

in 60,001 samples of amplitude and phase. Synchronized video recordings were used to

establish ground truth for flight activity. Video data were used only as a coarse tempo-

ral reference and were not employed for analysis, filtering, or signal identification, which

were conducted solely using radar data. As the insects were free to move during observa-

tions, they exhibited diverse behaviors, including flight, wing flapping, idling, and various

movement patterns such as vertical and circular navigation within the containers. Mea-

surements were obtained only from individuals that displayed at least one instance of wing

flapping, which constituted the primary focus of the analysis. Although data were col-

lected from multiple specimens per species, only a subset demonstrated the required wing

flapping behavior; the number of such specimens is listed in Table 5.1. Different insect

species likely exhibit different patterns of wing movements (Fig. 5.2), while differences
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(a) (b)

(c)

(d) (e)

Figure 5.2: Exemplary reflected micro-Doppler spectrograms from wing
flapping of five different pollinating insect species. (a) Bombus lapidarius,
(b) Bombus terrestris, (c) Bombus muscorum, (d) Apis mellifera, and (e)

Vespula vulgaris.

among some species can be observed visually, a trained machine learning algorithm can

identify differences that are less apparent to the naked eye.

5.1.2 Preprocessing of the Signal

The signal preprocessing steps follow the methodology detailed in Chapter 4 and are briefly

summarized here for completeness. The recorded signals are first normalized to mitigate

amplitude variations and reduce the influence of noise. A second-order Chebyshev high-

pass filter with a cut-off frequency of 50 Hz is then applied to suppress slow-varying back-

ground components.
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Table 5.1: Numbers of live insect subjects and flight segments of various
durations used for training machine learning classification models

Class Subjects 2 s 1 s 0.8 s 0.6 s 0.4 s 0.2 s 0.1 s

A. mellifera 11 1244 2416 3002 3950 5860 11491 22320
B. lapidarius 4 1168 2122 2620 3358 4815 9085 17335
B. terrestris 6 1070 2416 2626 3434 5116 10073 19742
B. muscorum 5 680 1372 1716 2253 3334 6572 12925
V. vulgaris 7 931 1755 2106 2729 3995 7772 14756

Following signal conditioning, a coarse micro-Doppler segmentation is performed to

identify time intervals containing wingbeat-induced activity. The preprocessed mmWave

signal is divided into overlapping frames using a 2 s Hann window with a 1 s overlap. For

each frame, the harmonic ratio is computed, and segments exceeding a predefined threshold

are classified as containing micro-Doppler features and retained for subsequent analysis.

Therefore, the number of flight segments reported in Table 5.1 corresponds directly to

the number of overlapping frames selected based on this harmonic thresholding approach.

Additionally, the segmentation was repeated using shorter window lengths ranging from 1

s down to 0.1 s to generate additional segment sets, also summarized in Table 5.1.

5.1.3 Micro-Doppler Feature Extraction

Species-specific flight characteristics are captured through the extraction of micro-Doppler

features from wingbeat signal segments. For brevity, the detailed definitions of the ex-

tracted features are not repeated here and can be found in Chapter 4.

The extracted feature set comprises harmonic, spectral, and temporal descriptors. Har-

monic features include the harmonic ratio (HarmonicRatio), which quantifies the pro-

portion of energy contained in harmonic components, as well as estimates of the funda-

mental WBF and its associated harmonics. These include the STFT-based fundamental

frequency (STFT_F0 ) and the first- to fifth-order harmonics (Harmonics_1–5 ). While

the STFT-based fundamental frequency estimation was detailed in Chapter 4, additional

complementary estimators are employed in this work to improve robustness and capture

algorithm-dependent variations. These include pitch estimation filter–based fundamental

frequency estimation (PEF_F0 ) [87], cepstrum-based fundamental frequency estimation
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(CEP_F0 ) [88], wavelet transform–based estimation (WT_F0 ), and normalized correla-

tion–based estimation (NCF_F ) [89]. The use of multiple fundamental-frequency estima-

tors provides diverse representations of wingbeat periodicity, enabling a more comprehen-

sive characterization of insect flight dynamics.

Spectral features extracted from the micro-Doppler spectra include spectral centroid

(SpectralCentroids), spectral bandwidth (SpectralBW ), spectral roll-off (SpectralRollOff ),

spectral flatness (SpectralFlatness), spectral flux (SpectralFlux ), spectral skewness (Skew-

nessValue), spectral kurtosis (KurtosisValue), and spectral decrease (SpectralDecrease).

Cepstral features are represented by Mel-frequency cepstral coefficients (mfcc) and their

first- and second-order temporal derivatives (mfccDelta and mfccDeltaDelta), which cap-

ture the short-term spectral envelope and its temporal dynamics. In addition, band-power

ratio features (BPR_0_50Hz, . . . , BPR_450_500Hz ) quantify the relative distribution of

spectral energy across predefined frequency bands.

Temporal features include the zero-crossing rate (zcr), which reflects oscillatory char-

acteristics of the high-pass filtered signal, and the root-mean-square energy (rmsEnergy),

which represents the overall signal energy within each frame.

Feature extraction was performed in MATLAB using established spectral, cepstral, and

pitch estimation functions, as well as MFCC analysis [90].

5.1.4 Hierarchical Classification of Insects

We employed a hybrid multistage classification framework based on CatBoost and Extra-

Trees, selected from a broader range of machine-learning approaches. In general, classifica-

tion models range from simple linear methods to highly complex deep learning architectures

such as convolutional neural networks. Linear models are computationally efficient but lim-

ited in their ability to capture the nonlinear relationships and feature interactions present

in micro-Doppler signatures, whereas deep neural networks typically require substantially

larger datasets to achieve good generalisation and involve significantly higher training com-

plexity and hyperparameter tuning effort [91], [92]. Given the moderate size of the present

dataset and the structured hand-crafted feature set, ensemble tree-based methods provide

a suitable balance between model capacity and generalisation performance while inherently

reducing the risk of overfitting [93].
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Tree-based ensembles are particularly well matched to the extracted micro-Doppler

features, which include harmonic, spectral, temporal, and band-power descriptors with

different numerical ranges and partial correlations. These models can handle heterogeneous

features without normalisation, capture nonlinear decision boundaries, and remain robust

when the number of training samples is limited [94].

Within this class of models, CatBoost was selected for the initial classification stages

because its gradient-boosting formulation effectively learns high-level nonlinear feature

interactions and achieves low bias. Its ordered boosting mechanism reduces prediction

shift and prevents the model from memorising the training data at successive iterations,

thereby improving generalisation for moderately sized datasets. In addition, its symmetric

tree structure and built-in regularisation provide stable performance with minimal hyper-

parameter tuning [95].

For the final stage, where the classes exhibit highly similar micro-Doppler signatures

and the separability depends on subtle variations in spectral and temporal features, an

ExtraTrees classifier was employed. Compared with Random Forest, ExtraTrees uses fully

randomised split selection, which increases tree diversity and provides stronger variance

reduction through ensemble averaging, making it more robust in the presence of overlapping

class distributions and noise [93].

Model Initialization and Training

A micro-Doppler dataset was constructed by extracting relevant features from all micro-

Doppler segments obtained from various insect species. For model initialization and train-

ing, the dataset was divided into training and test sets, with 80% allocated for training

and 20% for testing. Care was taken to ensure that data from the same subject did not

appear in both the training and test sets, thereby preventing potential data leakage.

A hierarchical classification framework was developed to predict insect species in a

sequential manner, mirroring the natural taxonomic hierarchy of the dataset. In the first

stage, a CatBoost classifier was trained to distinguish between the families Vespidae and

Apidae, using all available training samples. Instances classified as Vespidae at this stage

were directly assigned the species V. vulgaris, as no further subclass differentiation was

required. Samples classified as Apidae proceeded to the second stage, where a separate

CatBoost model predicted the genera Apis, and Bombus. Predictions of Apis were mapped
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directly to the species A. mellifera, while samples identified as Bombus were passed to a

third-stage classifier. This final model, implemented using an ExtraTrees classifier, was

trained to discriminate between the three Bombus species (B. lapidarius, B. muscorum,

and B. terrestris).

Model Evaluation

The trained hierarchical classifiers were evaluated using a test set comprising samples from

individuals excluded from the training process. At each stage of the hierarchy, predictions

were generated and, when applicable, forwarded to the next level for further classification.

The overall performance was assessed at the species level by comparing the final predicted

labels with the corresponding ground-truth labels.

Performance Metrics

Model performance was evaluated using standard classification metrics, including accuracy,

precision, recall, and F1-score. Confusion matrices were generated to visualise misclassi-

fication patterns and to report cumulative end-to-end predictions across the hierarchical

classification stages. Predictions finalised at earlier stages were retained in the overall eval-

uation, even though the corresponding classes were excluded from training in subsequent

stages.

Accuracy is defined as the proportion of correctly classified samples and is computed as

the ratio of the sum of the diagonal elements of the confusion matrix to the total number of

samples. To provide a more informative assessment under class imbalance, precision, recall,

and F1-scores were computed on a per-class basis [96]. For a given class, true positives

(TP) denote samples correctly assigned to that class, false positives (FP) correspond to

samples incorrectly assigned to the class, false negatives (FN) represent samples belonging

to the class but incorrectly classified as another class, and true negatives (TN) denote

samples correctly identified as not belonging to the class.

The F1-score, which balances precision and recall, is defined as

F1 =
2× Precision × Recall

Precision + Recall
, (5.1)
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Figure 5.3: Confusion matrices showing results of (a) the first-level clas-
sification distinguishing between Vespidae and Apidae families, (b) second-
level classification differentiating among the genera Apis, Bombus, and
Vespula, (c) third-level classification identifying species V. vulgaris, A. mel-

lifera, B. lapidarius, B. muscorum, and B. terrestris
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Figure 5.4: Performance of the hierarchical classification model at dif-
ferent taxonomic levels. Hierarchical performance metrics (precision, recall
and the F1 Score), heatmap across various categories. Precision indicates
the accuracy of positive predictions, recall shows the model’s ability to find
all relevant instances and the F1 Score represents the balance between pre-

cision and recall.

where precision and recall are given by Precision = TP
TP+FP and Recall = TP

TP+FN , respec-

tively.

5.2 Classification Results

At the family level, the first-stage classifier distinguished between the Apidae and Vespidae

families with an accuracy of 96% (Fig. 5.3a). Additional performance metrics, including

precision, recall, and F1 score (a measure of the balance between precision and recall; see

Methods), further indicate robust classification performance (Fig. 5.4a). Samples classified

as Vespidae at this stage were directly assigned to V. vulgaris.

Samples classified as Apidae were passed to a second-stage classifier that differentiated
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between the genera Apis and Bombus. Predictions finalised in the previous stage (V.

vulgaris) were retained unchanged, and the cumulative end-to-end classification accuracy

at this stage was 93% (Fig. 5.3b). Samples classified as Apis were directly mapped to A.

mellifera, while those classified as Bombus were forwarded to the third-stage model.

The third-stage classifier operated only on samples identified as Bombus and discrim-

inated among the species B. lapidarius, B. muscorum, and B. terrestris. Predictions for

A. mellifera and V. vulgaris, finalised in earlier stages, were carried forward unchanged.

Considering all species jointly, the cumulative species-level classification accuracy was 85%

(Fig. 5.3c). Notably, the F1 scores for these species were comparable, except for B. mus-

corum, which showed lower values likely due to smaller sample size (Table 5.1).

5.3 Feature Importance and Species-Level Interpretation

The influence of radar-derived features on model predictions was evaluated using SHAP

[97], offering both overall and species-level perspectives on how the classifier makes deci-

sions. SHAP values quantify each feature’s marginal effect on the model’s output, allowing

for straightforward interpretation of feature–response relationships and highlighting bio-

logically relevant signals that contribute to distinguishing among species.

Species-specific SHAP summary plots (Figs. 5.5–5.6) illustrate how individual features

contribute to each class prediction. For A. mellifera, high values of WT_F0, PEF_F0, and

mfcc1 yield strong positive SHAP effects, aligning with its characteristically higher wing-

beat frequency and wider spectral distribution. B. lapidarius is primarily influenced by har-

monicRatio and several higher-order mfccDelta features, pointing to its stable, harmonic-

rich wingbeat signature. In B. muscorum, harmonicRatio, mfcc7, and moderate contribu-

tions from WT_F0 are most impactful, suggesting a blend of harmonic consistency and

moderately elevated F0. B. terrestris exhibits a more diverse pattern of sensitivity across

WT_F0, PEF_F0, and mfccDelta components, reflecting its lower fundamental frequency

coupled with a structured spectral profile. In contrast, V. vulgaris predictions are shaped

strongly by mfccDelta1, mfcc1, and low-frequency band-power features (100–350 Hz), typ-

ical of its low F0 and steeper spectral slope, which differentiate it clearly from Apidae

taxa.
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(a) (b) (c)

Figure 5.5: Species-specific SHAP summary plots for (a) B. lapidarius,
(b) A. mellifera, and (c) B. muscorum.

The global SHAP bar plot (Fig. 5.7) identifies the twenty most influential features

driving overall classification outcomes. The leading contributors include a mixture of

temporal–spectral descriptors and fundamental-frequency estimators, with mfccDelta1,

WT_F0, mfcc1, mfccDeltaDelta1, PEF_F0, and nCF_F0 ranking highest. These are
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(a) (b)

Figure 5.6: Species-specific SHAP summary plots for (d)B. terrestris and
(e) V. vulgaris .

Figure 5.7: Features importance and their contribution to prediction eval-
uation using SHAP, showing the top 20 features influencing species classifi-

cation.

followed by higher-order spectral features such as mfcc7, harmonicRatio, and Doppler

band-power ratios within the 100–450 Hz range. Collectively, the SHAP patterns indicate

that fundamental-frequency features predominantly govern broad-scale taxonomic sepa-

ration (family/genus), whereas MFCC-based temporal–spectral attributes are critical for

distinguishing species within genera. From a biomechanical standpoint, these relationships
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Figure 5.8: Box plots of the six features that contributed most to the
classification of our focal insect species (see Fig. 5.7).

reflect established morphological scaling patterns: smaller insects typically generate higher

wingbeat frequencies and broader Doppler spectra, while larger bumblebees produce lower

F0 values and more consistent harmonic structure. The harmonic ratio captures stroke

periodicity and symmetry, aiding in differentiating species with stable wingbeat patterns

(e.g., B. lapidarius) from those with greater variability. Meanwhile, MFCC delta and

delta-delta coefficients track temporal changes in the spectral envelope, effectively encod-

ing subtle differences in stroke dynamics that help discriminate closely related Bombus

species.

5.3.1 Boxplots of the Most Discriminative Features

To assess inter-species separability, six of the most influential features (mfccDelta1, WT_F0,

mfcc1, mfccDeltaDelta1, PEF_F0, mfcc7 ) were visualized using boxplots (Fig. 5.8). Clear,

non-overlapping medians in WT_F0 and PEF_F0 between A. mellifera and V. vulgaris

support their role in family-level discrimination. Within the Bombus genus, substantial

overlap in F0 distributions indicates the necessity of higher-order descriptors: mfccDelta1,

PhD Thesis Linta Antony



Chapter 5. Taxonomic Classification of Insects 71

mfccDeltaDelta1, and mfcc7 show pronounced distributional differences among B. lapidar-

ius, B. muscorum, and B. terrestris, aligning with SHAP-derived patterns of intra-genus

separability. The feature mfcc1 further differentiates V. vulgaris through its characteristi-

cally lower (steeper) spectral slope. Collectively, these six features encapsulate both broad

taxonomic distinctions (family, genus) and fine-scale species-level variation in Doppler-

derived signatures.

5.4 Duration of Recorded Wing Flapping

To capture species-specific temporal characteristics, the algorithm processes signal frag-

ments of varying lengths. Although longer segments generally enhance classification per-

formance, they are more challenging to obtain because insects must remain airborne and

within the radar beam for the entire duration. Figure 5.9a shows F1 scores for segment

lengths of 0.1, 0.2, 0.4, 0.6, 0.8, 1, and 2 seconds across the five study species, with cor-

responding sample counts provided in Table 5.1. Each recording was used only at its

longest available segment length to avoid reuse across durations. Durations exceeding 2

seconds were explored by extending analysis windows on the raw recordings, but too few

valid samples were available for statistical evaluation. Durations shorter than 0.1 seconds

were excluded because such brief intervals yield insufficient frequency resolution to reliably

capture wingbeat harmonics.

Across species, F1 scores generally increase with segment duration, with the exception

of B. muscorum. As the length of airborne signal segments increases, model performance

improves correspondingly (Fig. 5.9b), as expected. With 2-second micro-Doppler segments,

the classifier achieved an accuracy of 85%. However, shorter wingbeat segments led to

reduced performance, with overall accuracy decreasing to 75% at a duration of 0.1 seconds

(Fig. 5.9b).

5.5 Target Detection Range Evaluation

Time–frequency analysis based on the STFT was employed to examine signals recorded

at different target distances. The STFT representations of the micro-Doppler harmonic

components (Fig. 5.11) show clearly distinguishable spectral patterns at both the minimum
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Figure 5.9: Performance of the hierarchical classification model at differ-
ent taxonomic levels. (a) Changes in the F1 score with airbourne signal
duration (0.1 – 2 seconds) for our five focal species (V. vulgaris, A. mellif-
era, B. lapidarius, B. muscorum, and B. terrestris). (b) Variation in overall

classification accuracy with signal duration.

separation (0 cm) and the maximum experimentally evaluated distance (18 cm), indicating

that the wingbeat-induced harmonic structure remains observable across this range.

A theoretical estimate of the maximum detection range of the proposed radar system

was obtained using the monostatic radar range equation

R =

ˆ

PtG
2λ2σ

Pr(4π)3

˙1/4

, (5.2)

where Pt and Pr denote the transmitted and received powers, respectively, G is the antenna

gain, λ is the operating wavelength, and σ represents the radar cross section (RCS) of the

target.

For the experimental configuration, the transmitted power was set to 20 dB and the

antenna gain to 19.92 dB. A target positioned at the antenna aperture (0 cm) produced

a received signal power of approximately −70 dB, which was taken as an estimate of the

minimum detectable received power. The operating wavelength was 1 cm, corresponding

to a carrier frequency of 30 GHz. The target RCS was assumed to be 0.002 cm2, consistent
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with reported radar cross-section values for bee-sized insects in the literature [16], [98].

Substituting these parameters into the radar range equation yields a theoretical de-

tection range of approximately 55.8 cm. This value represents an idealised upper-bound

estimate under free-space assumptions and does not imply reliable experimental detection

at this distance.

The range trials were conducted for a single species and were intended to illustrate the

detectability of micro-Doppler harmonics at varying distances rather than to establish an

empirical maximum detection range or to evaluate classification performance. Under the

present measurement conditions, reliable micro-Doppler signatures were experimentally

observed up to a distance of 18 cm.

Figure 5.10: Photograph of the experimental setup to analyze the efficient
range of the proposed radar. A container with live insect positioned on a 2
cm wide thermostyrofoam was utilized to maintain a consistent controlled

separation.

5.6 Summary

This study introduces a method capable of effectively analyzing the micro-Doppler spec-

trum generated by insect wing movements, providing sufficient information for reliable

classification at the species level. Although some individuals were incorrectly classified,

the findings remain highly encouraging, showing that the system performs dependably at

broader taxonomic levels, such as genus or family, indicating strong potential for higher-

level identification. Longer wing-flapping durations were found to markedly enhance clas-

sification accuracy.
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Figure 5.11: Time-frequency analysis using Short-Time Fourier Trans-
form on reflected signals from wing flapping B. terrestris obtained at dis-

tances ranging between 2 and 18 cm from the antenna.

SHAP analysis further revealed that successful species discrimination depends not only

on wingbeat frequency but also on additional spectral features, including cepstral coeffi-

cients, bandpower across multiple frequency ranges, and several MFCC-derived parameters.

The proposed framework employs a supervised hierarchical classifier in which predic-

tions are made sequentially at the family, genus, and species levels. At each stage the model

operates under a closed-set assumption, with the class structure defined during training.

In practical deployment, observations from previously unseen taxa can either be assigned

to the closest known class or identified as potential novel classes using confidence-based

rejection or anomaly-detection strategies. Incorporating such new taxa into the taxonomy-

aware classifier subsequently requires the acquisition of labelled training data and model

retraining.

Despite this constraint, the framework is scalable because the same feature extraction

and learning pipeline is used at all hierarchical levels and does not rely on species-specific

analytical or biomechanical models.

The reported classification performance reflects the current dataset and controlled lab-

oratory conditions, with measurements collected from five species and a limited number of

individuals.
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While the use of ensemble tree-based models can down-weight less informative vari-

ables, reduce overfitting risk and physically meaningful micro-Doppler features provides a

degree of robustness, the results primarily demonstrate separability within the measured

population.

To strengthen the robustness of this approach, future work will incorporate more exten-

sive evaluation strategies such as cross-validation and repeated trials. Broader validation is

required to assess performance across the biological and environmental variability encoun-

tered in real-world deployment. In particular, future work should include additional species

spanning a wider range of body sizes, intra-species variation (e.g., caste and individual

differences), and recordings obtained under different geographical locations, temperature

conditions, and radar–target geometries.

Future developments may extend the system’s capabilities to deliver not only species-

level identification and biodiversity monitoring but also detection of behavioral changes

through recognition of atypical variations in wingbeat patterns.
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Chapter 6

Insect Detection with QPSK and

8-PSK Modulated Signals

This chapter explores integrating biodiversity sensing with communication systems using

mm-Wave signals. The study focuses primarily on detecting insect wing-flapping micro-

Doppler signatures from modulated signals, being the first step to JSC. This chapter shows

how insect wing flapping induces micro-Doppler signatures on a digitally modulated signal,

with minimal impact on the constellation of the digital signals. This approach introduces

a semi-supervised algorithm that autonomously identifies and segments signal portions

exhibiting micro-Doppler effects caused by insect wing flapping. The work presented in

this chapter was published in [75].

6.1 Joint Communication and Insect Sensing

If an insect is present, part of the transmitted signal is reflected back toward the source. In

a modulated transmission, this creates the challenge of isolating the communication signal

from the backscattered echo and processing the sampled data for both information decoding

and insect characterization. The goal is to develop a system model capable of capturing

object dynamics and properties through temporal, spectral, and Doppler variations in the

reflected waveform, thereby supporting efficient monitoring of pollinating insects. The

overall concept of joint communication and insect sensing is illustrated in Figure. 6.1.
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Automatic sensing of pollinator insects

Digitaly
modulated signal

Micro-Doppler signatures induced by
insect wing flapping

Constellation changes caused by
insect wing flapping

Micro-Doppler feature extraction &
semi-supervised ML training

Figure 6.1: Joint communication and Insect sensing. Reproduced from
[75].

6.1.1 Signal Model

The micro-Doppler signal model for insect detection was introduced in Chapter 3, where

the received complex baseband signal was expressed as the superposition of a slowly varying

component due to body motion, a rapidly periodic component arising from wing flapping,

and additive noise (cf. Eq. (3.3.6)). In the present chapter, this formulation is extended

to account for digitally modulated transmission, in which, the downconverted signal at the

receiver can be expressed as a combination of the digitally modulated component (sDMS)

and reflections originating from noise (which, in this context, also encompasses background

reflections from surrounding structures such as walls and the ceiling), insect wing flapping,

and body motion, as shown below:

A(t)ej(ϕ(t)+θk) = sDMS psnoise + swing flapping + sbody movementq (6.1)

or equivalently,

A(t)ej(ϕ(t)+θk) = ejθk
´

snoise +Aw(t)e
jϕw(t) +Ab(t)e

jϕb(t)
¯

(6.2)

Here, the phase of the k-th symbol in the digital modulation scheme is given by θk =
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2πk
M , where k = 0, 1, . . . ,M − 1, and M denotes the number of possible symbols in the

modulation constellation. In this study, 8-Phase Shift Keying (8-PSK) and Quadrature

Phase Shift Keying (QPSK) are employed as representative modulation schemes.

The term ϕb(t) represents the Doppler phase variation induced by the translational

motion of the insect’s body, while ϕw(t) captures the micro-Doppler modulation produced

by wing flapping. The wing motion is considered harmonic, since both ϕw(t) and Aw(t)

exhibit periodic variations corresponding to the wingbeat cycle, although their evolution

need not be strictly sinusoidal.

Equations 6.1 and 6.2 describe a synthetic emulation of a modulated radar return, in

which the digitally modulated signal is combined with experimentally measured continuous-

wave micro-Doppler signatures. This allows the influence of different modulation schemes

on the micro-Doppler signature to be studied while retaining physically realistic insect

motion, without requiring a fully implemented JSC measurement.

6.1.2 Semisupervised Insect Detection from Digitally Modulated Signals

Autocorrelation 

Thresholding

Sliding Window

5 100

Window
length

Normalization

Maximize the
autocorrealtion

function

Harmonic ratio

Wing flapping feature extraction

High pass filtering

Overlap
length Training data selection

Spectral features

Flux
Entropy
Rolloff
Centroid

Model training

Signal classification

Figure 6.2: Semisupervised insect detection from digitally modulated sig-
nal. Reproduced from [75].

Semi-supervised algorithm is employed to extract micro-Doppler segments from digi-

tally modulated signals, as illustrated in Figure 6.2. The received signal is first normalized

and high-pass filtered using a 50 Hz cut-off frequency, after which it is segmented into over-

lapping frames using a Hann window of 0.2 s duration with a 0.1 s overlap. Micro-Doppler

features are then extracted from each segment. The features of interest are given in Table

6.1.
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Table 6.1: Summary of Extracted Micro-Doppler Features

Feature Mathematical Definition Interpretation
Harmonic Ratio

Ψ(k) =

∑
x(i)x(i− k)

a∑
x(i)2

∑
x(i− k)2

,

ηHR = max{Ψ(k)}

Measures harmonicity;
higher values indicate
stronger periodic wingbeat
components.

Short-Time Energy
(STE)

E(i) =
1

N

N−1∑
n=0

|x(i+ n)|2
Reflects instantaneous signal
power; highlights active mo-
tion frames.

Spectral Spread

σ =

d∑
(fk − µ)2P (k)∑

P (k)
,

µ =

∑
fkP (k)∑
P (k)

Quantifies how widely spec-
tral energy is distributed
around its centroid.

Spectral Flatness

SF =
(
∏

P (k))1/N

1
N

∑
P (k)

Describes how noise-like or
tonal the spectrum is (1 =
flat/noisy).

Spectral Decrease

SD =

∑N
k=2

P (k)−P (1)
k−1∑N

k=2 P (k)

Indicates how rapidly spec-
tral amplitude decreases with
frequency.

Threshold Determination

The harmonic ratio values are first sorted to establish thresholds that differentiate between

signal segments containing micro-Doppler components and those without. The presence of

micro-Doppler activity is initially assessed by evaluating the peak value of the normalized

autocorrelation function within a defined lag range. Segments exhibiting harmonic ratio

values above this threshold are identified as containing insect-induced micro-Doppler sig-

natures and are used to train the model. This enables the machine learning classifier to

subsequently recognize and classify all micro-Doppler segments with high accuracy.

Training Data Selection

Signal segments with harmonic ratio values below the lower threshold are designated as

background motion samples, while those above the upper threshold represent wing-flapping

activity. These two groups are used to train a semi-supervised k-Nearest Neighbors (kNN)

classifier. The training data are derived from the same recording being analyzed, ensuring

that the classifier adapts to the specific characteristics and dynamics of each signal instance.

The kNN classifier is a nonparametric algorithm that assigns a class label to an unknown

sample based on the majority class of its nearest neighbors [99]. It operates in two stages:
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first, identifying the samples that are closest to the point under consideration, and second,

assigning a class based on the dominant label among those neighbors. Several distance

measures can be employed to determine neighborhood proximity, such as the Euclidean or

Manhattan distances. In this work, the Euclidean distance metric is used and defined as:

DEuclid(x, y) =

d∑
i

(xi − yi)2 (6.3)

Testing Data Classification

Once trained, the model is applied to the entire signal sequence to classify each segment

as either micro-Doppler activity resulting from wing flapping or background noise. The

classification performance is then validated by comparing the detected micro-Doppler seg-

ments against ground truth observations obtained from synchronized video recordings of

the insect’s wing motion.

6.1.3 Wing Flapping Frequency Estimation

The fundamental wing flapping frequency is estimated using the Pitch Estimation Filter

(PEF) method [87]. The signal x(t) is divided into overlapping frames of length N with

an overlap of O samples. For each frame xn(t), the power spectrum P (f) is obtained using

the Fast Fourier Transform (FFT):

P (f) = |X(f)|2, (6.4)

where X(f) denotes the Fourier transform of the frame. To enhance periodic components

linked to wingbeat harmonics, a logarithmic compression is applied to the spectrum:

S(f) = PEF
`

log|X(f)|2
˘

. (6.5)

The spectral envelope E(f) is then estimated and subtracted from the log spectrum to

obtain the flattened spectrum F (f):

F (f) = logP (f)− E(f), (6.6)

PhD Thesis Linta Antony



Chapter 6. Insect Detection with QPSK and 8-PSK Modulated Signals 81

(a) (b)

Figure 6.3: Constellation diagrams showing signal points with (red) and
without (blue) insect reflections. (a) PSK 8 (b) QPSK. Reproduced from

[75].

and the fundamental frequency f0 is identified as

f0 = argmax
f

F (f). (6.7)

The logarithmic compression amplifies weak periodic components relative to nonperi-

odic noise, while the PEF functions as a comb-like filter aligned with the harmonic struc-

ture of the wingbeat. The combination of harmonic enhancement and spectral envelope

subtraction enables robust estimation of f0, even under noisy environmental conditions.

6.2 Experimental Observations

Figure 6.3 illustrates the constellation diagrams for 8-PSK and QPSK modulation schemes,

comparing signal points in the presence and absence of insect reflections. The introduction

of insects causes minor deviations in the constellation points, resulting from micro-Doppler

modulations generated by wing flapping. Although these variations are subtle and do

not significantly degrade the communication signal quality, their periodic nature enables

reliable detection of insect activity when the signal is observed over an extended duration.

Figure 6.4 presents the color-coded classification results obtained from the proposed

algorithm (top), compared with the corresponding STFT representations for each mea-

surement (bottom).
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(a) (b)

(c) (d)

Figure 6.4: Spectrograms of wing-beat modulated micro-Doppler signals
and classification results. (a) Continuous wing flapping throughout. (b)
Wing flapping for the first 2 seconds, then stopping. (c) Wing flapping for
the first 7 seconds. (d) No flapping for 7 seconds, followed by 3 seconds of
wing flapping. The classification algorithm correctly identified all segments,

verified by video footage. Reproduced from [75].

Figure 6.4(a) illustrates a case where a wingbeat-modulated micro-Doppler signature

is observed throughout the entire sample duration. The proposed classification algorithm

consistently labeled this segment as wing flapping, in agreement with the corresponding

video validation. In Fig. 6.4(b), the micro-Doppler effect appears only during the first two

seconds before fading out, which aligns with the classification results indicating wing flap-

ping during the initial 2 s followed by insect presence without flapping. Video observations

confirmed this behavior, showing the insect ceasing wing motion after two seconds.

In Fig. 6.4(c), the insect exhibits continuous wing flapping for approximately 7 s, as ev-

idenced by the persistent micro-Doppler pattern in the STFT. The classification algorithm

likewise detected wing flapping for the same interval. Conversely, Fig. 6.4(d) corresponds

to a scenario where the insect moved without flapping during the first seven seconds, ini-

tiating wingbeats only in the final three seconds. Both the STFT and the classification

algorithm correctly captured this transition, identifying wing flapping exclusively in the
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Figure 6.5: Performance metrics of the proposed method. Reproduced

from [75].
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Figure 6.6: ROC curve of the proposed method. Reproduced from [75]

last 3 s. Across all 60 analyzed signal segments, the algorithm’s classifications matched

the ground truth obtained from video recordings.

6.3 Performance Metrics

After classification, the segment-wise labels indicating the presence or absence of micro-

Doppler effects were compared with the corresponding ground truth annotations. Perfor-

mance metrics were calculated using 0.2-second signal segments derived from 60 reflected

recordings collected from A. mellifera, B. terrestris, and V. vulgaris. Each recording lasted

10 s and contained 10,001 samples. Figure 6.5 summarizes the performance of the proposed

micro-Doppler classification algorithm. The bar chart displays the Precision, Recall, and

F1-score values. A Precision value close to 1.0 indicates that nearly all segments identified

as wing flapping were correctly classified. The slightly lower Recall value suggests that

most true wing flapping events were detected, though a few were missed. The high F1-

score, reflecting the harmonic mean of precision and recall, demonstrates the strong overall

accuracy and reliability of the proposed algorithm in detecting micro-Doppler activity.
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Figure 6.6 presents the Receiver Operating Characteristic (ROC) curve for the pro-

posed micro-Doppler signal classification algorithm. The curve illustrates the relationship

between the True Positive Rate (Recall) and the False Positive Rate across different deci-

sion thresholds. The Area Under the Curve (AUC) is approximately 0.91, demonstrating

the algorithm’s excellent capability to distinguish between positive and negative classes.

The curve’s proximity to the ideal upper-left corner further confirms the strong discrimi-

native performance of the classifier.

6.4 Wing-flapping Frequency Analysis

Figure 6.7 illustrates the wingbeat frequencies extracted from signal segments identified as

containing micro-Doppler effects for three insect species: A. mellifera, B. terrestris, and

V. vulgaris. The plot displays the frequency distributions for each species, showing both

central tendencies and variability. Distinct frequency ranges are evident across species, with

A. mellifera exhibiting the highest median wingbeat frequency, followed by V. vulgaris and

B. terrestris.

Workers of A. mellifera typically weigh about 0.09 g and flap their wings at approx-

imately 230 Hz, with an average wing area of 0.6 cm2 and a wing loading near 0.15

g/cm2 [57]. In contrast, B. terrestris workers are about two to three times heavier (0.2–0.3

g), exhibit wingbeat frequencies around 150–160 Hz, have a larger wing area exceeding 2

cm2, and maintain a moderate wing loading of 0.1–0.15 g/cm2 [100]. V. vulgaris workers,

comparable in mass to A. mellifera (0.08–0.09 g), possess similar wing morphology (about

0.6 cm2 area and 0.15 g/cm2 loading) but display wingbeat frequencies intermediate be-

tween those of the honeybee and bumblebee [57].

The estimated wingbeat frequencies correspond closely with species-specific body size

and flight biomechanics, consistent with the relationship expressed in Equation 2.2. The

observed variability reflects natural differences in wing dynamics among species. Although

explicit species classification was not performed, the distinct frequency distributions in-

dicate the potential for distinguishing closely related species such as A. mellifera, B. ter-

restris, and V. vulgaris.
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Figure 6.7: Extracted wing-beat frequencies for A. mellifera, B. terrestris,
and V. vulgaris from micro-Doppler signal portions. Reproduced from [75].

6.5 Summary

This chapter demonstrated the simultaneous dual functionality of communication and in-

sect sensing within a single system. The methodology proved effective for both continuous-

wave and digitally modulated signals. The proposed classification algorithm successfully

identified signal segments associated with wing flapping, with validation performed using

synchronized video recordings. Performance indicators, including high Precision, Recall,

F1-scores, and an AUC of 0.91 highlight the robustness and reliability of the approach.

The realisation of a fully modulated radar sensing system, in which the micro-Doppler

is measured directly on the communication waveform, forms part of future work and will

enable validation under real-time and field-operating conditions.

Although the measurements in this work are based on CW radar, the proposed micro-

Doppler feature extraction and classification framework is directly transferable to FMCW

waveforms. In an FMCW system, body motion would be represented in the range–Doppler

domain, while wing flapping would appear as micro-Doppler modulation on the range-

resolved target. After range gating, the same temporal and spectral features can be ex-

tracted. Direct validation using real FMCW measurements, including the influence of chirp

design and hardware effects, is part of future work.

The technique provides a straightforward means of integrating a pollinator monitoring

capability into an existing mmWave communication link without compromising its primary

telecommunication performance. With the ongoing adoption of Open Radio Access Net-

work (O-RAN) architectures, this approach could be readily implemented in existing base

station infrastructures, enabling large-scale biodiversity monitoring, particularly within

urban environments.
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Chapter 7

Virtual Modes for Compact

Multi-Target AoA Estimation

Although the primary objective of this thesis is micro-Doppler–based insect classifica-

tion, real-world ecological monitoring would also benefit from accurate spatial localization,

particularly in multi-insect scenarios. Traditional SISO radar systems provide temporal

signatures but lack directional awareness. AoA estimation could address this limitation.

However, conventional phased arrays are often too large, power-intensive, and impracti-

cal for deployment in natural environments such as crop fields or pollinator habitats, and

densely packed antennas introduce non-negligible mutual coupling.

Recent advances in SM antenna design offer a promising alternative: compact, multi-

port antennas that leverage spherical harmonic expansions to achieve high angular reso-

lution with minimal hardware complexity [26]. Motivated by this potential, this chapter

evaluates the applicability of ESPRIT for AoA estimation in SM-based antennas, alongside

classical approaches such as delay-and-sum (DAS), MVDR, and MUSIC. Among these,

ESPRIT offers attractive advantages low computational cost, minimal memory footprint,

and fast convergence making it ideal for compact low-power ecological sensing devices.

However, its performance depends on the presence of a Vandermonde structure in the

phase progression across antenna ports. Lack of Vandermonde structure reduces the de-

grees of freedom and limiting the achievable angular resolution compared with algorithms

such as MUSIC. Furthermore, the achievable resolution of compact antennas is funda-

mentally constrained by limited physical aperture, bandwidth, and the increased losses

associated with generating higher-order modes.



Chapter 7. Virtual Modes for Compact Multi-Target AoA Estimation 87

(a)

2×
R1

P5

P4

P3

P2

P1

2×r c

d p

2×rp 2×
R2

2×
R3

a1

a2
Copper (5.8e7 S/m)

TMM6

RT5880

q
z

x

y

ϕ

0.063l

0.55l

z

y
q

(a) (b) (b)

0 100 200 300

Angle  (deg)

-4

-2

0

2

4

P
h
a
se

P1(m=3) P2(m=-3)

P3(m=0) P4(m=2)

P5(m=-2)

Figure 7.1: Spherical Modes Beamforming (SMB): (a) Exploded-view of
the proposed antenna. Dimensions (in mm): feed points P1 = P2 = 16.5,
P3 = 0, P4 = P5 = 9.5, R1 = 36.9, R2 = 28, R3 = 26.9, rc = 5.25, radius
of the vias (shown in red dots) rp = 0.25, dp = 15, α1 = 225◦, α2 = 30◦;

and (b) phase patterns reproduced from [105].

To address these trade-offs, this chapter introduces a novel virtual mode (VM) frame-

work. The concept synthesises additional effective spherical modes without requiring ad-

ditional physical antenna elements, thereby expanding the available angular degrees of

freedom and enhancing spatial resolution. By reconstructing a richer modal basis, the VM

approach improves multi-target AoA estimation performance while preserving low hard-

ware complexity enabling high-resolution subspace algorithms such as ESPRIT to operate

effectively under stringent platform constraints.

Key findings from this work have been published in [101], [102] and [103].

7.1 SM Based AoA Estimation

SMs are fundamental solutions to Maxwell’s equations expressed in spherical coordinates,

representing specific patterns of electromagnetic field distributions that arise in systems

with spherical symmetry [104].

As described in [105], the SMB technique allows for seamless beam steering across

the full azimuthal plane by simultaneously exciting multiple SMs. Each of these modes

exhibits a distinct phase pattern, and their superposition leads to constructive interference

in targeted directions.

In contrast to conventional antenna arrays that rely on spatially separated elements to

form beams, the SMB design employs collocated radiators. Directional control is achieved
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by rotating the electric field around the antenna rather than depending on element spacing.

This design enables precise AoA estimation while significantly reducing the overall antenna

size. As illustrated in Fig. 7.11 (a), the SMB antenna from [105] uses five feeding ports to

excite five orthogonal omnidirectional SMs, all within a compact structure measuring just

0.55λ in its largest dimension.

Figure 7.11 (b) illustrates the phase profiles of radiation patterns produced by five SMs

with indices m = −3,−2, 0,+2,+3. The modes with m = ±3 exhibit three full phase

rotations around the azimuth, while m = ±2 show two rotations. The m = 0 mode

corresponds to the fundamental mode with a uniform phase across all directions.

Modes with m = ±1 are not used due to practical constraints. These modes produce

omnidirectional patterns, but their radiation is primarily directed along the vertical axis

(toward the poles), emitting right-hand circular polarization in one direction and left-hand

in the opposite. This results in a bidirectional radiation pattern that lies in a different

plane compared to the other modes, making them unsuitable for the intended beamforming

application.

The signal received at each antenna port is added with white Gaussian noise n(t). Then

the received vector can be represented as

x(t) = Es(t) + n(t) (7.1)

where x(t) is the received vector output, s(t) is the signal vector, n(t) is the noise vector,

and E is the array manifold that consists of steering vectors corresponding to each source

given as

E =

„

e(θ1) e(θ2) · · · e(θD)

ȷ

(7.2)

e(θi) =

„

e1(θi) e2(θi) e3(θi) e4(θi) ek(θi)

ȷH

. (7.3)

The theoretical radiation pattern of the proposed multimode antenna containing k

ports can be simplified as:

ek(θ) = e−jMkθ (7.4)
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where Mk represents the phase delays at the kth port to a reference port. For the investi-

gated case, k = 1, 2, · · · , 5, which corresponds to the antenna implemented in [105]. Phase

delays of each port are ±3,±2, 0, respectively, which corresponds to the index number of

the SMs azimuthal phase changes m.

7.2 Spherical Mode-Based Antenna AoA Techniques: Multi-

Target Detection Performance

The power spectra for DAS, MVDR, and MUSIC for the SMs driven multi-port antenna

can be written as:

PDAS(θ) = eH(θ)Rx e(θ) (7.5)

PMVDR(θ) = wH(θ)Rxw(θ) (7.6)

PMUSIC(θ) =
1

eH(θ)UnUH
n e(θ)

(7.7)

where the MVDR weight vector is given by

w(θ) =
R−1

x e(θ)

eH(θ)R−1
x e(θ)

. (7.8)

Here, Un denotes the noise–subspace eigenvectors obtained from the eigen-decomposition

of the spatial covariance matrix Rx, computed using (4) or derived from full-wave simu-

lation results. ESPRIT is distinguished among AoA techniques by its search-free formu-

lation, as it avoids exhaustive scanning of the spatial spectrum. The method exploits the

translational invariance of a structured antenna array by partitioning it into two identi-

cal, displaced subarrays. Owing to this geometry, the corresponding signal subspaces are

related through a rotational transformation. ESPRIT estimates the angles of arrival by

directly solving for this rotation using pairs of matched sensors (often referred to as sen-

sor doublets), thereby achieving efficient and accurate AoA estimation without spectral

peak searching. While ESPRIT is highly effective for uniformly spaced arrays, applying

it to SM-based multiport antennas is more complex. The challenge lies in the non-linear
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Figure 7.2: Phase differences between chosen doublets: (a) theoretical;
and (b) full-wave simulated results. Reproduced from [101].

and mode-dependent phase delays between ports, which disrupt the required translational

symmetry. As a result, adapting ESPRIT to such antennas presents an interesting research

problem.

For the discussed 5-port SM driven beamforming antenna, the phase patterns from

ports 1 and 3 are grouped as a first doublet, while patterns of port 4 and port 2 form doublet

2. The phase difference between these doublets is illustrated in Fig. 7.2 for both theoretical

and simulated scenarios. Notably, in the theoretical scenario, the phase difference between

the two doublets remains consistent across all angles. However, in the full-wave simulated

case, the phase differences exhibit variability across different angles. This is most likely due

to small inaccuracies between the ports generated patterns in the antenna implementation.

Given the received signal at each antenna port, the signal space can be decomposed into

two subspaces: the signal subspace and the noise subspace. The decomposition usually

employs the eigenvectors of the covariance matrix of the received signals.

Mathematically, if Es represents the matrix containing the eigenvectors of the signal

subspace, the invariance between the two subarrays can be expressed as:

Es1 = Es2R (7.9)

where Es1 and Es2 are the portions of Es corresponding to the two doublets; R is a diagonal

matrix whose diagonal elements contain information about the AoAs.
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Table 7.1: Computational complexity comparison of different methods.

Method Main computational steps Overall complex-
ity

DAS Sample covariance computation
O(SK2), angular grid search
O(PK2)

O(SK2 + PK2)

MVDR Sample covariance computation
O(SK2), matrix inversion O(K2),
angular grid search O(PK2)

O(SK2 + K2 +
PK2)

MUSIC Sample covariance computation
O(SK2), eigenvalue decomposition
O(K3), angular grid search O(PK2)

O(SK2 + K3 +
PK2)

ESPRIT Sample covariance computation
O(SK2), eigenvalue decomposition
O(K3), AoA estimation via rota-
tional invariance O(D3)

O(SK2 +K3 +D3)

Table 7.1 shows the general computational complexity associated with each classical

AoA method on the multiport antenna, where K is the number of ports, D is the number

of sources, S is the number of snapshots, and P is the number of possible angles used to

search over a grid of angles.

All AoA computations were carried out using MATLAB R2022a (64-bit) on a Windows

10 Pro (64-bit) system, featuring an 11th Generation Intel® Core™ i5-1135G7 processor

running at 2.40 GHz and 8 GB of RAM. The radiation patterns were generated with

a full-wave electromagnetic solver, namely CST Microwave Studio. The examined AoA

estimation approaches were applied to both the analytical expression in (7.4) and the

CST-simulated radiation patterns. Figure 7.3 presents the results for single-source and

multi-source scenarios in subfigures (a) and (b), respectively.

Fig. 7.3 (a) illustrates the AoA estimation for a single source arriving from an angle of

100◦, with an Signal-to-Noise Ratio (SNR) of 20 dB and 100 snapshots considered. The

results indicate that all four methods successfully and accurately estimate the angle of

arrival of the incident signal. Fig. 7.3 (b) presents the concurrent detection of four sources

located at 0◦, 90◦, 180◦, and 270◦. It should be noted that the ESPRIT implementation is

unable to resolve multiple sources, as its subarray comprises only two elements. All incident

signals share identical amplitudes and an SNR of 20 dB, with the AoA estimation again

performed using 100 snapshots. The results demonstrate that all four sources are correctly

identified by the AoA estimation techniques. Among the grid-search-based approaches,

DAS exhibits the lowest angular resolution, whereas MUSIC achieves the highest resolution.
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(a) (b)

Figure 7.3: Source detection using the theoretical SMs:(a) Single source
(b) Multiple source. Reproduced from [101].

(a) (b)

Figure 7.4: AoA estimation using theoretical analysis (a) RMSE vs SNR
(b) Resolution vs SNR. Reproduced from [101].

Fig. 7.4 (a) and (b) depict the accuracy and resolution for varying SNR. The accuracy

is quantified using the Root Mean Square Error (RMSE), formulated as:

RMSE =

g

f

f

e

1

NMC

N∑
i=1

MC∑
mc=1

(θi − θ̂i,mc)2 (7.10)

where MC represents the number of Monte Carlo simulations, and N is the number of

directions utilized in Root Mean Square Error (RMSE) calculations. For this study, MC

is set to 100, and angles spanning from 0◦ to 360◦, separated by 1◦, were used to compute

the RMSE.

As shown in Fig. 7.4 (a), ESPRIT demonstrates a comparatively larger RMSE at very

low SNR levels. Nevertheless, its estimation accuracy improves progressively as the SNR

increases. By comparison, the remaining methods exhibit nearly constant accuracy over

the full SNR range. Figure 7.4 (b) illustrates the dependence of angular resolution on SNR
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(a) (b)

Figure 7.5: Source detection using the simulated SMs: (a) Single source
(b) Multiple source. Reproduced from [101].

(a) (b)

Figure 7.6: AoA estimation using radiation patterns (a) RMSE vs SNR
(b) Resolution vs SNR. Reproduced from [101].

Table 7.2: Execution time comparison of AoA estimation methods.

Method Time (s) @ 1◦ resolution Time (s) @ 0.1◦ resolution
DAS 0.002886 0.0099

MVDR 0.0030 0.010
MUSIC 0.0042 0.062
ESPRIT 0.00296 0.00296

for various search-based AoA estimation algorithms. The resolution is evaluated using

the 3 dB beamwidth, defined as the angular span of the main lobe between the points

where the received power drops to half of its maximum value, thus serving as a direct

indicator of angular resolution. It is evident that DAS produces a wider 3 dB beamwidth,

while MUSIC achieves the narrowest one. As a result, DAS provides the lowest angular

resolution, whereas MUSIC offers the highest resolution.

Fig. 7.5 illustrates the detection of a single source located at 0◦ as well as multiple

sources at 0◦/360◦, 90◦, 180◦, and 270◦, using far-field radiation patterns obtained at each
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port of the multiport antenna through CST simulations. The results demonstrate that,

under CST-simulated conditions, all considered methods are able to accurately estimate

the angles of arrival. In addition, DAS, MVDR, and MUSIC successfully resolve all four

sources simultaneously.

Figure 7.6 presents the accuracy and angular resolution as functions of SNR. In com-

parison with the theoretical cases, ESPRIT exhibits a noticeably higher RMSE across the

full angular range from 0◦ to 360◦ when simulated phase patterns are employed. This

degradation is likely attributable to phase inconsistencies between the subarrays. More-

over, the estimation accuracy of all methods converges more rapidly than in the analytical

scenarios. Both MVDR and MUSIC maintain accuracy levels comparable to those ob-

served in the theoretical cases, despite the presence of phase imperfections. Similarly, the

resolution-versus-SNR behavior of DAS, MVDR, and MUSIC closely matches the perfor-

mance obtained in the theoretical results shown in Fig. 7.4.

Table 7.2 summarizes the computational time required by the different AoA estimation

techniques. The results indicate that MUSIC is the most computationally demanding

approach, incurring the highest CPU processing time. In contrast, for a 1◦ grid search,

DAS demonstrates superior computational efficiency, requiring substantially less CPU time

than the remaining methods. This observation is consistent with the complexity analysis

reported in Table 7.1, which shows that DAS involves considerably fewer computational

operations compared to the other techniques. However, this computational advantage

comes at the expense of reduced angular resolution, highlighting an inherent trade-off

between processing efficiency and estimation accuracy.

ESPRIT is commonly preferred for AoA estimation owing to its high resolution and

estimation accuracy. One of its key advantages is the elimination of angular grid searches,

which leads to reduced computational complexity and faster execution. Nevertheless, when

ESPRIT is directly employed with a multiport antenna, its AoA estimation performance

may degrade due to phase mismatches between the selected element pairs. In addition,

the maximum number of resolvable sources is effectively reduced by half.

In summary, among the conventional AoA estimation techniques applied to multiport

spherical-modes-driven beamsteering antennas, MUSIC stands out as the most suitable

choice when high accuracy is of primary importance. ESPRIT offers a practical alternative

by reducing computational complexity at the expense of DoF and estimation accuracy.
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Improving angular resolution requires the excitation of additional modes; however, exciting

a large number of modes within a limited physical volume may adversely affect bandwidth

and lead to increased losses.

7.3 Virtual Modes for Compact Systems and Multiple Target

Detection

Consider an SMB antenna receiving D narrowband signals Sd arriving from distinct di-

rections {θd, d = 1, 2, . . . , D}, each with power σ2
d. The radiation pattern of the antenna

in the azimuthal plane is characterized by a set of integers m, which specify the phase

variations across the antenna’s ports. The radiation pattern of the kth mode is given by:

ek(θ) = e−jmkθ, (7.11)

where mk is the kth element of the set m. The received signal at the SMB antenna can be

represented by the column vector Xm, expressed as:

Xm =
D∑

d=1

SdEm(θd) + nm, (7.12)

where Em(θ) is the antenna response vector containing elements e−jmkθ for each mk ∈

m, and nm is an additive white Gaussian noise vector with covariance σ2I.

The covariance matrix of the received signal Xm is given by:

RXm(θ) = E[XmXH
m] =

D∑
d=1

σ2
dEm(θd)E

H
m(θd) + σ2I, (7.13)

where Em(θd)E
H
m(θd) yields phase differences between the elements of m, represented

as ejθ(mi−mj) for each mi,mj ∈ m.

The concept of virtual modes is introduced through the pairwise differences between

the phases of the antenna ports. These phase differences define a new set of effective

modes, expanding the system’s DoF without physically increasing the number of antenna

elements. The set of all pairwise differences between the elements of m, denoted as mdiff =

{mi −mj |mi,mj ∈ m}, forms the virtual mode set.
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Sparse sensing techniques, utilizing second-order statistics, have been explored in var-

ious sparse arrays with different sensor arrangements [106]–[109]. Based on this, by vec-

torizing the covariance matrix RXm , we can express the received signals as an equivalent

form for a virtual antenna system. The vectorized covariance matrix is:

Xmdiff = (E∗
m ⊙Em)P+ σ2ẽ, (7.14)

where E∗
m⊙Em represents the Khatri-Rao product, which acts as the antenna response

matrix for the virtual mode. The vector ẽ accounts for the noise contribution, while P is

a column vector of signal powers. This transformation enables the interpretation of the

system as a virtual multi-port antenna, with each port corresponding to a different virtual

mode in mdiff.

7.4 AoA Estimation Using Virtual Spherical Modes

The covariance-derived signal Xmdiff
inherently captures data correlations, which effectively

causes it to behave as a single snapshot. As a result, the covariance matrix formed from

the received signal of this equivalent virtual SMB antenna is rank one. In order for AoA

estimation techniques such as MUSIC [70] and ESPRIT [71] to resolve multiple sources, a

higher-rank covariance matrix is required.

ESPRIT, in particular, exploits the rotational invariance property through the use

of identical sensor pairs, commonly referred to as doublets. Extending this concept to

the signal matrix Xm of multiport antennas introduces specific challenges [110]. This

difficulty arises because the antenna manifold Em embedded in Xm does not exhibit the

Vandermonde structure required by ESPRIT. In contrast, when the differential-domain

signal Xmdiff is considered, the resulting manifold (E∗
m ⊙ Em) assumes a Vandermonde

form, thereby making it suitable for application within the ESPRIT framework.

Nevertheless, the covariance-derived signal Xmdiff
inherently contains data correlations,

which complicates the direct application of ESPRIT and MUSIC, as these algorithms

typically assume mutually uncorrelated sources for reliable AoA estimation. To properly

handle the correlations embedded in Xmdiff
, a decorrelation procedure is therefore required.
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Hermitian symmetry implies that

xmdiff

ˇ

ˇ

ˇ

ˇ

d

= xmdiff

ˇ

ˇ

ˇ

ˇ

∗

−d

, d ∈ mdiff,

which follows from the property |w(d)|= |w(−d)| for all d ∈ mdiff. Leveraging this sym-

metry enables the construction of a positive semidefinite Toeplitz matrix R [108], thereby

ensuring an appropriate matrix rank—an essential requirement for high-resolution AoA

estimation algorithms to operate effectively. The matrix R is obtained by reshaping Xmdiff

as follows:

R =

»

—

—

—

—

—

—

—

—

–

rXmdiff
sL rXmdiff

sL−1 · · · rXmdiff
s1

rXmdiff
sL+1 rXmdiff

sL · · · rXmdiff
s2

...
...

. . .
...

rXmdiff
s2L−1 rXmdiff

s2L−2 · · · rXmdiff
sL

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

, (7.15)

where L = (|mdiff |+1)/2, with |mdiff | representing the cardinality of the set mdiff . Apply-

ing high-resolution algorithms such as MUSIC and ESPRIT to R enables the resolution

of L− 1 uncorrelated sources. With the proposed sparse-based approach, for an SMB an-

tenna with M SM, the maximum number of identifiable sources L− 1 can be constrained

as M − 1 < L− 1 ≤ (M(M − 1))/2.

7.5 Virtual Mode Set and Redundancy

Virtual modes expand the system’s effective DoF by creating new modes derived from

the differences between the original modes. This allows the antenna system to simulate

additional functionality without the need for more spherical modes.

The redundancy arises when certain phase differences repeat in the virtual mode set

mdiff, i.e. when a given virtual mode can be synthesised by more than one pair of spherical

modes. To quantify this, we define a redundancy function w(d), which counts the number

of occurrences of a particular difference d in mdiff. If a phase difference d appears multiple

times, it increases the redundancy, effectively reducing the system’s DoF.

For an SMB antenna with M spherical modes, the redundancy function at zero is
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Figure 7.7: (a) Phase difference set mdiff of virtual SM (b) Phase patterns
of virtual SM. Reproduced from [102]

.

equal to M , expressed as w(0) = M . For any non-zero element d in mdiff , the re-

dundancy function satisfies 1 ≤ w(d) ≤ M − 1. The function is symmetric, meaning

w(d) = w(−d) for all d ∈ mdiff . The total redundancy across all non-zero elements in mdiff

is
∑

d∈mdiff ,d ̸=0w(d) = M(M − 1). Consequently, the maximum number of virtual modes

can be achieved for mdiff is given by M(M − 1) + 1.

Therefore, by optimizing the modes within a compact-sized SMB antenna, the system

can detect more sources simultaneously than the number of excited SM.

Fig. 7.7 (a) shows the elements and their redundancy in mdiff for an SMB antenna with

m = {−3,−2, 0,+2,+3}, comprising 13 elements:

mdiff = {−6,−5,−4,−3,−2,−1, 0,+1,+2,+3,+4,+5,+6}.

These new modes correspond to distinct antenna response vectors, and the cardinality

|mdiff |−1 indicates the maximum number of detectable simultaneous signals. However, by

reshaping Xmdiff into a Toeplitz matrix, it acts as the covariance matrix of the received

data from an antenna configured with seven distinct modes, with phase variances V =

{0,+1,+2,+3,+4,+5,+6}. Fig. 7.7 (b) shows the phase patterns corresponding to these

modes, facilitating the simultaneous detection of six uncorrelated signals using a 5-port

antenna with m = {−3,−2, 0,+2,+3}.
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Figure 7.8: RMSE vs. angle for ESPRIT with and without virtual
mode–based approach on ideal patterns and antenna patterns (SNR= 15

dB, N = 100). Reproduced from [102].

7.6 Performance Analysis

The proposed methodology was evaluated using representative radiation patterns of the

antenna reported in [105]. Two scenarios were considered: ideal radiation patterns with

perfect phase relationships, and full-wave simulated radiation patterns (including phase

imperfections and mutual coupling effects) obtained from CST Microwave Studio.

The estimation accuracy is quantified using the RMSE, as defined in (7.10). Figure 7.8

compares the estimation accuracy of ESPRIT with and without the virtual mode–based

approach, using both ideal radiation patterns and antenna-generated patterns from [105].

For reliable AoA estimation, ESPRIT conventionally relies on pairs of identical sensors,

referred to as doublets. In the non–virtual mode ESPRIT implementation, doublets are

constructed from the available phase patterns, where m1 and m3 form the first doublet,

and m4 and m2 form the second.

When the virtual mode–based approach is applied, seven virtual modes with uniformly

distributed phase variations are synthesized. This facilitates the application of ESPRIT

and increases the number of usable doublets from two to six. As a result, a significant

reduction in RMSE is achieved compared to the conventional ESPRIT implementation.

The RMSE behavior observed for the antenna-generated radiation patterns, both with and
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Figure 7.9: Multiple source estimation using virtual mode–based MUSIC
and ESPRIT with 5 ports (SNR= 15 dB, N = 100). Reproduced from

[102].

without virtual modes, arises from deviations at certain angles relative to the ideal radiation

patterns. Nonetheless, the virtual mode–based approach exhibits enhanced robustness to

phase imperfections, yielding lower estimation errors for the antenna-generated patterns.

For the five-port antenna considered in this work, L = 7. Accordingly, both MUSIC

and ESPRIT are capable of resolving up to six uncorrelated sources. Figure 7.13 illustrates

the detection of six uncorrelated sources arriving from 50◦, 100◦, 150◦, 200◦, 250◦, and 300◦

using the virtual mode–based approach. Both algorithms exhibit six clearly distinguishable

peaks at the corresponding directions.

Furthermore, as shown in Fig. 7.10, for ideal phase patterns, the RMSE of both MUSIC

and ESPRIT decreases with increasing SNR. In contrast, when antenna-generated phase

patterns are used, deviations at certain angles from the theoretically expected radiation

patterns given in (7.4) hinder further improvements in estimation accuracy as the SNR

increases. This behavior highlights a limitation of the approach, as it is sensitive to phase

imperfections in the radiation patterns relative to the ideal case. Such phase errors can

induce performance degradation that exceeds the impact of additive Gaussian noise on the

proposed algorithm.

Despite this limitation, Fig. 7.8 shows that the errors caused by phase imperfections

are significantly reduced when the proposed virtual mode–based approach is employed,
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Figure 7.10: RMSE vs. SNR for virtual mode–based MUSIC and ESPRIT
on ideal and antenna generated phase patterns of 5 port SMB antenna for

two sources ∈ (0◦, 360◦). Reproduced from [102].

compared to the non-virtual mode implementation on an SMB antenna. Nevertheless, the

estimation accuracy achieved by MUSIC and ESPRIT remains comparable in both cases.

ESPRIT, however, offers improved computational efficiency over MUSIC by eliminating

the need for grid-based angle searches. Consequently, for AoA estimation applications,

virtual mode–based ESPRIT applied to SMB antennas emerges as a compelling solution,

combining compact antenna architecture, enhanced degrees of freedom, and reduced com-

putational complexity.

7.7 Complexity Analysis of the Proposed Method

When employing the virtual mode–based MUSIC or ESPRIT approach, an SMB antenna

excited with M spherical modes is capable of resolving up to L−1 sources. In conventional

MUSIC, detecting L− 1 sources requires L modes, with a computational cost of O(S|L|2)

for covariance matrix estimation using S snapshots, O(|L|3) for eigenvalue decomposition,

and O(Q|L|2) for the angular grid search, where Q denotes the number of grid points. This

results in an overall computational complexity of O(S|L|2+|L|3+Q|L|2).

In the case of ESPRIT, the grid-based angle search is replaced by direct AoA estimation
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Figure 7.11: Simulated structure of the 12 element circular antenna array
used to generate omnidirectional spherical modes. Reproduced from [103].

via the rotational invariance matrix, which requires only O((L − 1)3) operations. Conse-

quently, the total computational complexity of ESPRIT is reduced to O(S|L|2+|L|3+(L−

1)3).

For both virtual mode–based MUSIC and ESPRIT, additional processing steps include

the construction of xmdiff and the formation of the matrix R. Since xmdiff is obtained

directly from the covariance matrix RXm , and R is constructed through a rearrangement

of xmdiff , these steps do not introduce additional multiplication operations. Therefore,

the proposed virtual mode–based approach does not increase the overall computational

complexity.

7.8 Exploration of a Different Set of Virtual Spherical Modes

For the exploration of a different set of virtual spherical modes, the omnidirectional spher-

ical modes of interest are generated using a simple 12-element circular array (seen in Fig.

7.11), with monopole radiators spread evenly around a circle of radius R = 29 mm. The

radius of the circular groundplane is Rg = 39 mm, with each monopole being h = 27 mm.

Although much more sophisticated and compact SMB antennas have been proposed in

the literature [111], [112], the use of circular array allows to generate relatively high-order
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Table 7.3: Phase excitations used to generate spherical modes of different
order m. For brevity, only phase progression between neighbouring ports is

stated.

Mode Phase progression between ports
m = −5 −150◦

m = −4 −120◦

m = −3 −90◦

m = −2 −60◦

m = −1 −30◦

m = 0 0◦

m = +1 +30◦

m = +2 +60◦

m = +3 +90◦

m = +4 +120◦

m = +5 +150◦

modes and analyse the mode-related AoA estimation independently from most antenna

specific effects. The modes are generated at 2.6 GHz.

To synthesize omnidirectional spherical modes, all antenna ports are excited with equal

amplitudes, while appropriate phase variations are applied as specified in Table 7.3. For a

12-element array, this strategy enables the generation of spherical modes up to the ±5th

order without violating the Shannon–Nyquist sampling criterion, which in this context

requires the phase difference between adjacent antenna elements to remain below 180◦.

Accordingly, the following spherical modes are generated:

m = {−5,−4,−3,−2, 0,+2,+3,+4,+5}.

It should be noted that different modes exhibit varying radiation efficiencies [113]. There-

fore, amplitude weighting is applied to each mode to ensure comparable received signal

levels across all generated modes.

In this section, virtual mode generation is investigated using different combinations

of spherical modes. Figure 7.12(a) presents the phase-difference set corresponding to an

antenna excited with eleven spherical modes {−5,−4,−3,−2,−1, 0, 1, 2, 3, 4, 5}, which con-

stitute the original modes obtained by applying appropriate phase shifts to the antenna

illustrated in Fig. 7.11. This configuration enables the resolution of up to ten distinct

targets, consistent with the availability of eleven modes.

Figure 7.12(b) shows the resulting virtual mode set spanning from −10 to 10, derived

PhD Thesis Linta Antony



Chapter 7. Virtual Modes for Compact Multi-Target AoA Estimation 104

from the original spherical modes. Although the initial set contains only 11 modes, the

pairwise phase-difference operation expands the virtual mode set to 21 modes. However,

several of these virtual modes are redundant, thereby reducing the effective degrees of

freedom.

Figure 7.12(c) illustrates a virtual mode set, also extending from −10 to 10, generated

using a reduced subset of spherical modes {−5,−4,−3,−1, 1, 3, 4, 5}, where modes 0 and

±2 are omitted. Despite this reduction, the same virtual modes as those obtained from

the full set are preserved, while the redundancy is significantly decreased.

Finally, Fig. 7.12(d) depicts the virtual mode set produced using an even smaller subset

of spherical modes {−5,−3, 1, 2, 4, 5}. In this case, redundancy within the virtual mode

set is further minimized, yet the resulting virtual modes remain unchanged, demonstrating

that fewer spherical modes can be sufficient to generate an equivalent virtual mode set.

The radiation patterns employed in this study, including the effects of phase imperfec-

tions and mutual coupling, were generated using CST Microwave Studio with the time-

domain solver. For the selected subset of spherical modes {−5,−3, 1, 2, 4, 5}, both MUSIC

and ESPRIT are able to resolve up to ten uncorrelated sources. Figure 7.13 demonstrates

the detection of ten uncorrelated sources arriving from 33◦, 65◦, 98◦, 131◦, 163◦, 196◦,

228◦, 261◦, 294◦, and 326◦ by exploiting the generated virtual modes. The outputs of

both algorithms exhibit ten clearly distinguishable peaks at the corresponding directions,

confirming accurate AoA estimation. For this experiment, the SNR is set to 10 dB, and

100 snapshots are used in the estimation process.

The accuracy of the estimates is quantified using the RMSE, which is formulated as as

eq.7.10.

Figure 7.14 presents the RMSE as a function of SNR for the detection of ten sources

using different spherical mode configurations. It is observed that the original set of eleven

modes results in a higher estimation error across the entire SNR range when resolving ten

sources, compared to the alternative configurations. In contrast, the use of virtual modes

leads to a substantial reduction in error. In particular, virtual modes generated from the

reduced spherical mode subsets {−5,−4,−3,−1, 1, 3, 4, 5} and {−5,−3, 1, 2, 4, 5} achieve

the lowest RMSE.

These results demonstrate that an appropriate selection of spherical mode subsets can

produce the same virtual mode set while minimizing redundancy and improving detection
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Figure 7.12: Virtual mode generation using different sets of spherical
modes. (a) Phase difference set for an antenna with eleven spherical modes
{−5,−4,−3,−2,−1, 0, 1, 2, 3, 4, 5}. (b) Virtual mode set created from the
original mode set, expanding to 21 modes with some redundancy. (c) Virtual
mode set generated using a reduced subset {−5,−4,−3,−1, 1, 3, 4, 5}, where
modes 0 and ±2 are excluded. (d) Virtual mode set created using an even

smaller subset {−5,−3, 1, 2, 4, 5}. Reproduced from [103].

accuracy, without sacrificing the ability to resolve multiple targets. The findings further

indicate that a reduced mode configuration can deliver performance comparable to that

of the full mode set, thereby enhancing the efficiency of the antenna system. From a

practical perspective, this enables a reduction in the number of RF chains required for

AoA estimation in multiport antenna architectures.

7.9 Summary

This chapter begins by evaluating traditional AoA estimation algorithms applied to spherical-

mode-driven antennas. The analysis shows that MUSIC offers the highest accuracy, making

it the preferred option when precision is critical. In contrast, ESPRIT provides a viable
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Figure 7.13: Detection of 10 uncorrelated sources from the directions
33◦, 65◦, 98◦, 131◦, 163◦, 196◦, 228◦, 261◦, 294◦, 326◦ using the virtual modes

generated from the subset {−5,−3, 1, 2, 4, 5}. Reproduced from [103].

alternative by sacrificing some DoF and accuracy in exchange for reduced computational

complexity. This chapter then proposes a method for virtual mode generation using second-

order statistics. This approach enhances DoF for multiple target detection while reducing

the impact of phase imperfections compared to the conventional (non-virtual mode-based)

method. Notably, the accuracy of MUSIC and ESPRIT remains comparable in both sparse

and non-sparse implementations. However, ESPRIT demonstrates superior computational

efficiency by eliminating the need for grid-based angle searches.

As a result, ESPRIT emerges as an optimal choice for spherical-mode-driven anten-

nas, offering a balanced trade-off between compactness, extended DoF, and computational

efficiency. Finally, the chapter explores various spherical mode configurations and demon-

strates that it is possible to generate the same virtual mode set with reduced redundancy,

thereby enabling more efficient and accurate multi-target detection.

These Advanced localization techniques hold promise as key components of future JSC

systems, where a unified infrastructure could simultaneously support reliable wireless com-

munications and precise environmental sensing.

These advanced AoA estimation algorithms form a key enabler for future JSC sys-

tems, where a shared sensing and communication infrastructure can provide both reliable
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Figure 7.14: RMSE versus SNR for detecting 10 sources using differ-
ent mode configurations. The configurations include: the original set of
eleven spherical modes {−5,−4,−3,−2,−1, 0, 1, 2, 3, 4, 5}, the virtual mode
set created from the original mode set, the virtual mode set generated us-
ing a reduced subset {−5,−4,−3,−1, 1, 3, 4, 5}, and the virtual mode set
created using an even smaller subset {−5,−3, 1, 2, 4, 5}. Reproduced from

[103].

wireless links and high-resolution environmental awareness within compact hardware foot-

prints. Spherical-mode multi-port antennas enable multiple pollinating insect detection. In

addition, the proposed virtual-mode framework increases the effective angular DoF while

preserving low system complexity, making the architecture well suited to distributed, low-

power IoT nodes for smart-agriculture applications and large-scale biodiversity monitoring.
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Chapter 8

Conclusion and Future Work

This thesis introduced a novel, non-invasive framework for monitoring pollinating insects

using mmWave radar and machine learning, with a focus on micro-Doppler signal analysis

and advanced signal processing techniques. To address key limitations in radar entomology,

the research integrated biologically inspired dynamic (EM) simulations, autonomous insect

detection, hierarchical taxonomic classification, sensing via digitally modulated signals and

enhanced Angle-of-Arrival (AoA) estimation for multi-target localisation using compact

antenna systems.

8.1 Discussion of the Thesis Contributions

A dynamic electromagnetic insect model capable of simultaneously representing wing flap-

ping and translational motion was developed to quantify micro-Doppler induced variations

in antenna gain and reflection coefficient (S11). Earlier electromagnetic representations of

insects have predominantly relied on static geometries, which are inherently inadequate for

analysing the time-varying scattering and radiation mechanisms produced during flapping

flight. Because radar micro-Doppler signatures originate from the kinematics of moving

body parts, a dynamic model that captures both periodic wing motion and bulk translation

is required to establish a direct relationship between biological dynamics and measurable

RF system parameters. The simulation results show that periodic insect motion produces

corresponding fluctuations in both the radiated and backscattered fields, with spectral

components that align with the WBF and its harmonic structure. To the best of the

author’s knowledge, this is the first study in which micro-Doppler effects are investigated

using a fully dynamic electromagnetic insect model that incorporates both flapping motion

and forward translation.
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The principal limitation of the current model lies in the use of a simplified anatomical

representation with homogeneous dielectric properties and without detailed morphological

features such as multilayer tissue permittivity. While such refinements would influence the

absolute magnitude of the scattered and radiated fields and enable more accurate species-

dependent amplitude scaling, the micro-Doppler spectral structure is primarily governed

by the motion of the dominant scattering components. Consequently, these simplifications

are expected to affect signal amplitude rather than the fundamental frequency content or

harmonic behaviour that underpins micro-Doppler–based detection and classification.

An autonomous detection algorithm was developed to identify micro-Doppler active

segments within the radar signal, enabling insect presence to be inferred without manual

annotation or continuous supervision. The method employs harmonic-ratio, based segmen-

tation, where signal frames with ηHR > threshold are retained for further analysis. This

threshold was determined empirically for the present dataset as a compromise between pre-

serving weak but valid micro-Doppler signatures and rejecting noise-dominated or aperiodic

segments. Under the measurement conditions considered, this value provided consistent

separation between insect flight activity and background clutter, thereby ensuring reliable

downstream feature extraction.

A limitation of this approach is that the fixed threshold is data-dependent and may

not generalise directly to different radar configurations, signal-to-noise ratios, species com-

positions, or environmental conditions. However, the use of a constant threshold offers a

transparent and computationally efficient solution that is well suited to low-power embed-

ded implementations and provides a reproducible baseline for evaluating micro-Doppler

activity. Moreover, the separability observed in the extracted wingbeat-related features

for two pollinator species of different body sizes confirms that the segmentation preserves

biologically meaningful signal components and supports subsequent species-level discrimi-

nation.

A hierarchical machine-learning framework was developed to enable taxonomic classi-

fication of insects down to the species level, while explainable AI was used to relate the

most informative signal features to underlying biomechanical traits. Although machine-

learning–based species recognition has been widely explored using visual images, its appli-

cation to automated insect monitoring is often constrained by sensitivity to illumination,

occlusion, and image quality. In contrast, the radar micro-Doppler signature encodes the
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periodic wingbeat motion and other flight dynamics, providing access to biomechanical

characteristics that are not directly available in conventional image data. Systematic anal-

ysis of features associated with wing flapping, combined with SHAP-based interpretation,

showed that classification is supported not only by wingbeat frequency but also by higher-

order spectral descriptors such as cepstral coefficients and bandpower distributions. Using

this feature space, the hierarchical model achieved an accuracy of 85% for five key pollinator

species, demonstrating that radar micro-Doppler signatures contain sufficient discrimina-

tory information for species-level recognition. While some misclassification remained at

the finest taxonomic resolution, the model delivered consistent and reliable performance at

genus and family levels, which are particularly relevant for ecological monitoring. Because

the framework is data-driven rather than dependent on species-specific analytical formula-

tions, it is inherently scalable and can be extended to other ecologically important groups,

including pest and invasive insects.

The main limitations arise from the controlled measurement conditions and the size

and diversity of the available training dataset. The insects were confined to a small en-

closure, which reduced range-dependent variations in signal-to-noise ratio and occasionally

introduced short-duration perturbations due to wall interactions that may have influenced

some MFCC-derived features. In natural free-flight conditions, changes in range and aspect

angle are expected to produce SNR fluctuations that may affect the stability of certain fea-

tures. In addition, classification accuracy improved with longer micro-Doppler observation

windows, indicating that reliable species-level discrimination benefits from maintaining the

insect within the radar beam for sufficient time. As with all supervised learning approaches,

the performance is fundamentally limited by the availability of labelled radar signatures,

which are currently far fewer than image-based datasets.

Despite these constraints, the results demonstrate the feasibility of radar-based species

classification and establish a foundation for scalable, non-invasive biodiversity monitoring.

While the hierarchical framework demonstrates that radar micro-Doppler signatures

support reliable and interpretable species classification, embedding this sensing capability

within existing wireless infrastructure facilitates practical large-scale deployment, moti-

vating the investigation of digitally modulated mmWave communication signals for joint

sensing and communication. Thus, the thesis further investigated insect detection using
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digitally modulated mmWave signals as an initial step toward joint sensing and commu-

nication (JSC) for pollinator monitoring. While most existing radar-based entomological

studies rely on dedicated sensing waveforms, the integration of sensing functionality into

communication signals remains largely unexplored. Enabling insect detection directly from

communication waveforms would allow ecological monitoring to be performed using existing

wireless infrastructure, significantly improving scalability and reducing deployment cost. In

this work, a classification framework was developed to identify signal segments associated

with wing flapping, and its performance was validated using synchronised video recordings

to provide ground truth. The algorithm achieved high Precision, Recall, and F1-scores, to-

gether with an AUC of 0.91, demonstrating reliable discrimination between insect-induced

micro-Doppler activity and background signal variations. These results show that micro-

Doppler signatures can be preserved and detected in the presence of digital modulation,

indicating that pollinator monitoring can be incorporated into a communication link with-

out degrading its primary telecommunication functionality.

A key strength of the present study is the use of physically realistic micro-Doppler

data derived from measured continuous-wave radar signals, which were combined with

digitally modulated waveforms. This approach enabled a controlled and systematic inves-

tigation of how different modulation schemes influence the observability of insect-induced

signatures, while avoiding the need for a fully integrated hardware implementation at

this stage. It therefore provides a reproducible and flexible framework for analysing sens-

ing–communication coexistence and establishes a clear proof of concept for JSC-based

insect monitoring.

However, several limitations must be acknowledged. The micro-Doppler signatures

were not measured directly from a live communication link, but were superimposed on

modulated signals using experimentally acquired radar data. Although this preserves the

physical realism of the insect motion, it does not fully capture real-time effects such as

hardware impairments, channel dynamics, synchronization constraints, and mutual inter-

ference between sensing and communication processes. In addition, the experiments were

conducted under controlled conditions, and the robustness of the approach in complex out-

door environments with multipath propagation, varying signal-to-noise ratio, and multiple

simultaneous targets remains to be demonstrated.

Beyond coexistence of sensing and communication within a shared waveform, real-world
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ecological monitoring scenarios frequently involve multiple insects within the radar field

of view, requiring spatial discrimination in addition to detection and classification. This

thesis extended micro-Doppler–based insect sensing toward radar capable of angular tar-

get separation by investigating AoA estimation using spherical-mode multi-port antennas.

The motivation arises from the fact that conventional SISO radar provides rich temporal

signatures but cannot separate multiple insects occupying the same range–Doppler cell,

while traditional phased arrays are difficult to deploy in compact, low-power ecological

sensing nodes. By exploiting the orthogonality of spherical modes, a compact antenna

architecture was shown to support AoA estimation. Among the algorithms evaluated,

ESPRIT provided a favourable trade-off between computational complexity, memory re-

quirements, and estimation accuracy, making it suitable for embedded implementations.

To overcome the limited number of physically available modes and the absence of an in-

herent Vandermonde structure, a virtual-mode framework was introduced. This approach

synthesises additional effective modes in the signal domain, increasing the available DoF

and improving multi-target angular resolution without increasing hardware complexity.

This establishes a practical pathway for integrating localisation capability into compact

radar sensors for ecological monitoring.

The main limitation of this approach lies in the practical realisation and calibration of

spherical-mode antennas. Accurate AoA estimation depends on maintaining the expected

phase relationships between modes; however, manufacturing tolerances can distort the

amplitude and phase of the excited modes, leading to angle estimation errors. Unlike

conventional arrays, where phase progression is determined by element spacing, the modal

phase structure must be precisely controlled through antenna design and calibration. In

addition, the excitation of higher-order modes introduces increased losses, which constrains

the achievable angular resolution within a compact aperture.

Despite these challenges, the virtual-mode formulation provides an effective mitigation

by reconstructing a richer modal basis in the signal-processing domain, thereby restoring

the degrees of freedom required for high-resolution subspace methods while preserving a

compact and low-power hardware architecture. The absence of spatially separated elements

also eliminates mutual coupling effects associated with dense phased arrays.
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8.2 Future Research Directions

Although this thesis has addressed several key challenges in radar-based insect monitoring,

it has also revealed a number of open questions and opportunities for further investigation.

The following subsections outline potential directions for advancing this research.

The dynamic electromagnetic insect model can be extended by incorporating anatom-

ically detailed geometries and dielectric properties derived from measurement or literature

databases. This would enable accurate prediction of radar signatures and realistic inter-

species comparisons. Such models can be implemented by importing high-resolution 3D

insect meshes into full-wave solvers and assigning multilayer dielectric profiles to repre-

sent cuticle, haemolymph, and air cavities. The extended framework would also allow

systematic investigation of polarimetric responses and aspect-angle dependent scattering,

providing a richer physical basis for both classification and system design. In addition,

the simulated time-domain responses can be used to generate large-scale physics-informed

datasets for machine-learning training, reducing the dependence on extensive labelled field

measurements.

For the autonomous detection stage, future work will focus on replacing the fixed

harmonic-ratio threshold with adaptive, data-driven decision strategies. This can be

achieved by combining the harmonic ratio with complementary spectral and temporal

descriptors and learning the activity boundary using semi-supervised or self-supervised

approaches. In practice, clustering or probabilistic models can be trained on unlabelled

radar data to estimate the statistical distribution of insect and clutter segments, allowing

the detection threshold to be inferred automatically for different radar configurations and

environmental conditions. Such methods would preserve the low-complexity embedded

implementation while improving robustness to noise, clutter, and inter-species variabil-

ity. Implementation on embedded edge-processing platforms will allow real-time activity

detection and reduce data transmission requirements in distributed sensing networks.

The hierarchical classification framework can be further developed through the expan-

sion of the labelled radar signature database to include a wider range of species, flight

behaviours, and environmental conditions. This requires coordinated field measurement

campaigns in which radar recordings are synchronised with ground-truth observations and

environmental metadata such as temperature and humidity are logged. The influence of
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range-dependent signal-to-noise ratio and aspect angle can be addressed by collecting free-

flight data with controlled trajectories or by incorporating guiding structures that increase

insect dwell time within the radar beam while allowing unharmed release. These develop-

ments will improve species-level generalisation and enable continuous monitoring of com-

munity composition and behavioural changes. Domain adaptation and transfer-learning

techniques can also be explored to maintain classification performance across different radar

hardware platforms and deployment environments without requiring complete retraining.

The joint sensing and communication concept can be advanced by implementing a fully

integrated system in which the micro-Doppler signature is measured directly from a dig-

itally modulated communication waveform. This requires a real-time hardware platform

with shared RF front-end, synchronised baseband processing, and simultaneous commu-

nication and sensing operation. Adaptive equalisation algorithms can be introduced to

mitigate interference and channel distortion, while joint waveform optimisation can be

performed using multi-objective design techniques that balance communication quality-

of-service and sensing performance. In large-scale deployments, spectrum-sharing and

resource-allocation protocols can be developed and evaluated through network-level sim-

ulations and experimental multi-node testbeds. The integration of edge computing and

cloud-based data aggregation will enable scalable architectures in which local sensing nodes

perform initial processing and transmit compact ecological indicators rather than raw data.

For the AoA estimation framework, future work will involve the fabrication and ex-

perimental characterisation of spherical-mode multi-port antennas with precise modal am-

plitude and phase control. The virtual-mode formulation can then be validated in real

multi-target outdoor scenarios, where AoA estimation, detection, and classification are

performed simultaneously within a unified processing chain.

At the system level, long-term field deployments across diverse ecological sites will

be required to assess environmental robustness, seasonal variability, and long-duration

operational stability. The fusion of radar-derived indicators with environmental sensing and

geospatial data within a real-time data platform will enable automated ecological analytics

and support applications such as biodiversity assessment, habitat health monitoring, and

precision agriculture.
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Collectively, these developments will transform the current proof-of-concept implemen-

tations into a field-deployable sensing infrastructure capable of autonomous detection, clas-

sification, localisation, and communication within large-scale pollinator monitoring net-

works.

8.3 Conclusion

In summary, this thesis demonstrate that micro-Doppler signatures at mmWave frequencies

contain sufficient biomechanical information to support reliable detection, classification

to enable non-lethal, and automated monitoring of pollinating insects. By showing that

these sensing capabilities can coexist with communication functionality and operate within

compact hardware constraints, the work shows the feasibility of distributed radar networks

for continuous biodiversity monitoring and precision agriculture.

Although the proposed system validates the core sensing principles, further work is

required to transition from controlled experiments to fully operational deployments. This

includes real-time implementation on embedded platforms, large-scale collection of labelled

radar signatures across diverse environments, experimental verification of spherical-mode

AoA estimation with fabricated antennas, and network-level integration of multifunction

sensing nodes. These developments will support the emergence of autonomous sensing

infrastructures that transform how insect populations are monitored, providing continuous

and quantitative indicators for ecosystem health and sustainable food production.
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