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Highlights

What are the main findings?

* We developed a Sim2Real physics-informed audio-visual simulation platform that inte-
grates physics-based acoustic propagation modeling with dynamic visual environments
to simulate complex degradation scenarios like fog and occlusion.

* Experimental validation, conducted through both simulation and physical field tests,
demonstrates that the proposed audio—visual fusion strategy extends the tracking cov-
erage of single-modality vision systems from approximately 52% to near-continuous
operation, maintaining reliable target awareness even when visual targets are severely
obstructed, albeit with a moderate trade-off in average angular precision.

What are the implications of the main findings?

¢ This platform significantly mitigates the high costs and safety risks associated with
real-world data collection by providing a scalable solution for generating precisely
annotated multi-modal datasets, thereby accelerating the training and validation of
robust fusion algorithms.

* The validated consistency between simulation and physical results confirms the system’s
capability to bridge the simulation-to-reality gap, offering a critical infrastructure for
developing next-generation all-weather Anti-UAV perception systems.

Abstract

To address the escalating security challenges posed by unauthorized Unmanned Aerial
Vehicles, this paper presents a Sim2real physics-informed audio—visual fusion simulation
platform designed to enhance Counter-Unmanned Aerial Vehicle detection and tracking
performance. The proposed method integrates two complementary sensing pipelines: a
physics-based acoustic localization system utilizing Time Difference of Arrival principles
and a deep learning-driven visual detection framework. To ensure robust surveillance
against non-cooperative targets, these pipelines are not only fused through strict spatiotem-
poral synchronization but also mutually reinforce each other—acoustic data guides visual
attention in low-visibility scenarios typical of adversarial intrusions, while visual detections
refine acoustic parameter estimation. Building upon prior work in multi-modal percep-
tion, we extend the framework to dynamic environments characterized by configurable
visual obstructions, including smoke and fog, which frequently compromise conventional
optical anti-drone systems. Experiments demonstrate that the fusion system progressively
adapts to degraded visual conditions, extending tracking continuity from approximately
50% coverage under vision-only operation to near-continuous target awareness, with a
moderate trade-off in average angular precision when acoustic-only segments are included.
Physical validation with quadrotor Unmanned Aerial Vehicles confirms the platform’s
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capability to bridge simulation-to-reality gaps. Our results highlight the system’s robust-
ness against sensor degradation and its potential to accelerate the development of resilient
multisensor Counter-Unmanned Aerial Vehicle systems while reducing dependency on
costly field testing.

Keywords: audio-visual fusion; Sim2Real; anti-UAV; simulation platform; TDOA localization

1. Introduction

The security landscape of low-altitude airspace is undergoing a profound transforma-
tion, primarily driven by the democratization and rapid capability growth of consumer-
grade aerial technology. While Unmanned Aerial Vehicles (UAVs) offer transformative
potential for commercial logistics and photography, their weaponization and misuse for
unauthorized surveillance present severe asymmetric threats to critical infrastructure and
public safety. Incidents involving airspace disruption at major transportation hubs and
unauthorized incursions into sensitive government facilities have underscored the critical
fragility of traditional perimeter defense mechanisms. Unlike cooperative aircraft that
adhere to flight paths and broadcast identification signals, non-cooperative drones often
operate with high maneuverability at ultra-low altitudes. These targets effectively exploit
urban topography and ground clutter to mask their presence, possessing a minimal Radar
Cross-Section (RCS) that renders them nearly invisible to conventional air defense radars
designed for larger ballistic targets. However, acquiring sufficient labeled data for such
erratic targets in extreme conditions is significantly costly and risky, creating a compelling
imperative for Sim2Real paradigms that can synthesize diverse corner cases to bootstrap
real-world robustness. Consequently, the establishment of robust Counter-UAV (C-UAV)
capabilities has transitioned from a precautionary measure to a critical operational re-
quirement, necessitating the deployment of next-generation detection technologies that are
resilient to both environmental complexity and active concealment strategies.

Driven by these security imperatives, the ubiquitous deployment of UAVs has not
only intensified the demand for intelligent perception algorithms to ensure legitimate
operational safety [1,2], but also precipitated an urgent need for enhanced regulatory
frameworks and defensive countermeasures. However, current C-UAV systems primarily
depend on single-sensor modalities, typified by vision-based architectures such as the
YOLO series and LiDAR [3-5]. These unimodal approaches exhibit inherent vulnerabilities
when operating in complex, adversarial environments. Visual surveillance systems, while
providing rich texture information, suffer precipitous performance degradation under
occlusion or adverse weather conditions, including smoke, dust storms, and dense fog.
Furthermore, their reliability is severely compromised during the transition between day
and night, or by abrupt illumination changes that result in overexposure or motion blur.
Similarly, active sensors like LIDAR face distinct challenges; their signals are susceptible to
absorption by low-reflectivity materials (often used in stealth drone coatings) and suffer
from significant attenuation in heavy rain. Moreover, active LIDAR pulses expose the
detection system to discovery and are vulnerable to electromagnetic interference in urban
or adversarial electronic warfare scenarios [6,7].

To address the limitations of unimodal perception, multisensor fusion has emerged as
a pivotal strategy in UAV detection tasks [8,9]. The rationale lies in the complementary na-
ture of the modalities: visual systems facilitate high-precision localization and fine-grained
classification under ideal illumination but fail drastically in occluded or low-visibility sce-
narios, such as smoke or fog [10,11]. In contrast, acoustic sensing possesses omnidirectional
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detection capabilities and remains functional in visually degraded environments such as
total darkness, albeit with a spatial resolution that is governed by the array aperture and
the number of sensors [12]. The strategic integration of these two modalities—leveraging
the distinct advantages of acoustic robustness against occlusion and visual precision for
target verification—is therefore critical for constructing resilient environmental perception
systems capable of all-weather surveillance [13-15].

To facilitate the development of these complex fusion systems, simulation platforms
provide a cost-effective, scalable, and risk-free solution for C-UAV audio-visual perception
research. Constructing real-world datasets for rogue drone detection is often constrained
by stringent safety regulations, privacy concerns, and the practical difficulty of reproducing
extreme conditions. For example, staging a drone intrusion in severe weather or testing
jamming scenarios requires complex logistical approval and poses physical risks. Further-
more, obtaining precise ground truth data—specifically the exact 3D position of the drone
relative to sensors—is inherently difficult in outdoor field experiments. By mathematically
modeling real-world multi-modal interference scenarios—such as visual occlusions caused
by volumetric fog, variable lighting conditions, or acoustic attenuation due to distance and
obstacles—simulation platforms significantly mitigate data collection costs. They allow
researchers to generate massive, precisely annotated datasets, thereby accelerating the
iteration and validation of robust fusion algorithms before physical deployment [16].

In the domain of UAV detection research, the trajectory has shifted decisively towards
multi-modal fusion and algorithmic optimization to tackle the challenge of identifying
small, fast-moving targets against complex backgrounds. Within the visual domain, deep
learning-based object detection frameworks, notably the YOLO series and Faster R-CNN,
have evolved to integrate attention mechanisms and Feature Pyramid Networks (FPNs).
These architectural innovations are designed to mitigate the small object problem, en-
hancing the feature representation of distant targets that occupy only a few pixels in the
frame [17-19]. In parallel, wavelet transform-based methods have demonstrated effective-
ness for detecting small objects in aerial imagery by capturing multi-scale spatial-frequency
features, as recently applied to UAV image analysis for infrastructure inspection [20]. Fur-
thermore, temporal analysis techniques, such as optical flow methods, have been employed
to improve the dynamic tracking of fast-moving targets by exploiting motion continuity [21].
However, despite these advancements, the adaptability of visual algorithms remains con-
strained by environmental factors. Abrupt illumination changes, complex background
clutter in urban skylines (such as moving vehicles or swaying trees), and adverse weather
all degrade visual feature discriminability, frequently leading to high false-positive rates or
missed detections in operational settings [22].

Parallelly, acoustic detection algorithms offer a non-line-of-sight detection capability.
Traditionally focusing on Mel-frequency cepstral coefficients (MFCCs) and wavelet trans-
forms for spectral signature extraction [23-25], these methods have evolved to integrate
deep architectures such as convolutional neural networks (CNNs) and long short-term
memory (LSTM) networks. These models are often coupled with microphone array beam-
forming and time difference of arrival (TDOA) techniques to estimate the spatial origin
of the drone based on its distinct rotor noise [26—28]. However, acoustic detection faces
its own set of challenges. The efficacy of these systems is frequently compromised by
environmental noise interference, particularly from wind gusts and urban traffic which
can mask the drone’s acoustic signature. Additionally, the high-frequency components of
drone noise suffer significant atmospheric attenuation over long distances, reducing the
effective detection range compared to visual counterparts [29].

To bridge these individual gaps, Audio—visual fusion has been adopted, employing hi-
erarchical frameworks that range from data-level to decision-level integration [30]. Modern
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approaches utilize spatiotemporal synchronization of raw data streams, Transformer-based
cross-attention mechanisms for deep feature correlation, and Bayesian-weighted decision-
integration to enhance detection reliability in low-light or occluded environments [31,32].

While mainstream simulation platforms such as Gazebo and AirSim establish bench-
marks for flight dynamics and visual perception [33,34], they are not specialized for physics-
informed acoustic modeling. These general-purpose platforms often simplify complex
wave phenomena—such as the Doppler effect, atmospheric absorption, and reverbera-
tion—creating a significant Sim2Real gap. Consequently, algorithms validated in such
acoustically idealized environments struggle to adapt to physical deployment. To address
this limitation, we propose a Sim2Real platform that integrates rigorous acoustic propaga-
tion models, thereby aligning the synthetic data distribution with real-world environments.

Figure 1 presents the overall architecture of our Sim2Real platform, encompassing
both the simulation environment and the corresponding physical experimental setup. It
is important to note that the visual perspectives in this figure are chosen to best highlight
the environmental rendering features and hardware deployment, respectively, rather than
representing a controlled experimental comparison.

Stage 1: Stage 2:
Data Acquisition & Simulation Audio & Vision Fusion
/Airport Application Scenarios\ 4 Multi-modal Fusion
PR . |

Real

® _ Camera
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Figure 1. Application scenarios of the proposed Sim2Real audio-visual anti-UAV platform. The sim-
ulation side illustrates representative deployment contexts rendered in the Unreal Engine 5.1 environ-
ment, while the physical side shows corresponding real-world deployment conditions, highlighting
the platform’s capability to bridge virtual and physical domains for counter-UAV perception research.
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The primary contributions of this work are threefold:

*  Sim2Real Audio-Visual Platform: Building upon the flight dynamics foundation of
RFlySim [35], we develop a specialized simulation ecosystem that introduces a physics-
based acoustic propagation engine capable of real-time simulation of atmospheric
absorption, geometric spreading, multipath reverberation, and the Doppler effect.
Unlike general-purpose simulators (e.g., Gazebo, AirSim) that lack physics-informed
acoustic modeling, our platform provides strict audio—visual synchronization and
configurable environmental degradation scenarios (fog, smoke, occlusion) for repro-
ducible multi-modal dataset generation.

*  Confidence-Gated Complementary Fusion Strategy: In contrast to mainstream static
feature-level or decision-level fusion approaches, we propose a bidirectional mutual
refinement mechanism: acoustic sensing provides directional guidance to steer the
visual field of view when visual confidence degrades below a threshold, while reliable
visual detections refine the angular estimation of the TDOA-based acoustic subsys-
tem. This dynamic switching ensures continuous tracking coverage under severe
environmental degradation.

¢  Sim2Real Validation: Rigorous cross-domain experiments demonstrate consistent
behavioral trends between simulation and physical deployment, confirming the plat-
form’s transfer capability and the fusion strategy’s practical robustness.

2. Multi-Modal Simulation Framework Design

The RFlySim framework [35] provides essential foundational functions, such as high-
precision custom kinematic models, 3D environmental modeling, and basic visual /point-
cloud sensor simulations. However, it completely lacks acoustic sensor simulation capa-
bilities and the necessary software interfaces for audio-based algorithms. To bridge this
critical gap, the simulation platform developed in this study inherits the flight dynamics
engine and controller interfaces (SITL/HITL) from RFlySim, and extends it by introduc-
ing a dedicated physics-based acoustic simulation layer and comprehensive audio-visual
development toolchains built upon Unreal Engine 5.1. Specifically, it represents a compre-
hensive, physics-informed ecosystem specifically engineered to bridge the gap between
theoretical acoustic models and real-world UAV deployment. Unlike general-purpose flight
simulators, this platform specializes in advanced acoustic propagation modeling, providing
a rigorous testbed for sound-based algorithms, including Sound Source Localization (SSL)
and blind source separation. It incorporates a physics-based acoustic engine that accurately
emulates complex wave phenomena, encompassing atmospheric absorption, geometric
spreading loss, multipath reverberation in cluttered environments, and the Doppler effect
induced by high-speed relative motion.

To ensure experimental versatility, the platform features highly customizable sound
source configurations and flexible scenario generation. Researchers can precisely define the
spectral characteristics of target sound sources, such as specific rotor harmonics, and inject
diverse environmental noise profiles—ranging from wind turbulence to urban background
noise—to simulate varying Signal-to-Noise Ratios (SNRs). Furthermore, the platform
integrates high-precision visual sensor interfaces, enabling the generation of synchronized
RGB, depth, and thermal imagery. This strict spatiotemporal alignment between audio and
visual data streams is critical for developing and testing audio-visual fusion algorithms,
thereby enhancing multi-modal perception capabilities in visually degraded or acoustically
noisy environments.

Beyond single-agent capabilities, the architecture supports UAV swarm simulation,
facilitating research into multi-agent coordination, distributed perception, and collaborative
swarm control strategies. This scalability allows for the validation of complex mission
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profiles involving cooperative detection and tracking. Finally, to ensure the deploya-
bility of algorithms, the platform provides Software-in-the-Loop (SITL) and Hardware-
in-the-Loop (HITL) simulation capabilities. This feature enables researchers to validate
algorithms directly on embedded flight control hardware, such as the Pixhawk and PX4
series, assessing computational latency and real-time performance constraints prior to
field experiments, thus offering a closed-loop validation pipeline from algorithm design to
hardware deployment.

2.1. Auditory Modality Implementation

To ensure faithful acoustic replication, the simulation platform supports the granular
assignment of dedicated noise profiles to distinct UAV models. This capability allows
researchers to map unique acoustic signatures to specific drone architectures—ranging from
small quadcopters to larger fixed-wing aircraft—thereby capturing the spectral nuances
inherent to different propulsion systems. By enabling this level of acoustic heterogeneity,
the platform significantly improves simulation accuracy and reliability, particularly for
research tasks involving target classification and multi-type swarm identification.

Functionally, the platform establishes robust audio resource bindings that logically
link specific sound source objects within the 3D virtual environment to their corresponding
raw acoustic data files. This spatial association provides the fundamental signal support
required for subsequent complex audio rendering processes, ensuring that sound emission
is strictly coupled with the kinematic state of the UAV. Furthermore, to streamline the
workflow, the system automatically creates usable audio assets by ingesting and converting
properly imported audio files. This automated transcoding process ensures that exter-
nal recordings are optimized for the simulation engine, handling necessary sample rate
conversions and format standardization without manual intervention.

Beyond asset management, users possess comprehensive, fine-grained control over a
wide array of audio parameters to tailor the simulation to specific experimental require-
ments. Configurable attributes include playback modes (looping or one-shot triggers),
compression settings to balance audio fidelity against memory usage, and global volume
scaling factors to calibrate source intensity. Crucially, the platform supports dynamic pitch
adjustments, a feature essential for simulating the correlation between motor RPM and
frequency shifts during maneuvering. To facilitate debugging and validation, the system
also provides a capability for real-time monitoring through an integrated audio player,
allowing operators to audit audio assets and verify signal integrity prior to executing
full-scale simulations.

2.2. Spatial Audio Processing

In sound source localization algorithm simulation, spatial processing of audio sources
plays a critical role. Audio spatialization simulates the positional and directional char-
acteristics of sound in three-dimensional space to replicate real-world acoustic behavior.
This process involves two key perceptual dimensions: directional perception and distance
perception. The integration of these perceptual dimensions provides a comprehensive rep-
resentation of a sound source’s spatial position relative to the receiver. Specifically, spatial
position variations are modeled using three key parameters: interaural time difference
(ITD), interaural level difference (ILD), and frequency variation between sensors. ITD
serves as a fundamental determinant for sound source localization. When a sound source
approaches a sensor, the received sound intensity at that sensor increases significantly,
thereby improving localization accuracy.
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2.3. Sound Attenuation Analysis

Sound attenuation describes the gradual reduction of sound intensity during propa-
gation due to distance or environmental factors, representing a fundamental principle in
acoustics. In sound source localization simulations, accurate attenuation modeling enables
realistic representation of acoustic propagation characteristics, providing test conditions
that closely approximate real-world scenarios. The distance-dependent intensity atten-
uation demonstrates distinct frequency characteristics high-frequency sounds attenuate
faster while low-frequency components propagate farther. Such modeling allows evalua-
tion of algorithm performance under varying intensity and frequency conditions across
different bands.

The platform integrates real-world validation with algorithm optimization capabili-
ties. By incorporating attenuation models, developers can proactively enhance algorithm
adaptability for improved real-world performance. The platform offers standardized
benchmarking under consistent attenuation conditions while allowing flexible parameter
adjustments to evaluate algorithm effectiveness across various propagation scenarios. The
platform implements audio rendering through Unreal Engine’s built-in Sound Attenuation
asset, which dynamically adjusts sound intensity and frequency characteristics based on
distance and environmental factors. Figure 2 illustrates the attenuation simulation work-
flow. For dynamic scenarios, Blueprint scripting enables real-time coordinate updates of
moving sources, accurately simulating propagation changes during motion. The platform
provides multiple attenuation models, allowing selection of linear attenuation for natural
environments or complex nonlinear curves for industrial scenarios. Figure 3 presents
typical attenuation curves for reference.

1. Linear Attenuation: When employing a linear function, the volume changes at a
constant rate with distance. This straightforward attenuation approach is suitable
for scenarios requiring uniform variations, such as simulating basic environmental
sound effects or close-range source transitions. As the listener approaches or moves
away from the sound source, the volume changes are intuitive and easily controllable,
making it ideal for applications with fundamental requirements.

2. Logarithmic Attenuation: The attenuation model based on logarithmic functions
more closely approximates natural attenuation patterns observed in the physical
world. Its characteristic feature is pronounced volume changes at close distances
and gradual variations at greater distances, enabling more realistic simulation of
sound’s physical propagation characteristics. This model is particularly suitable for
most natural environments, including environmental sound effects and close-range
source variations.

3. Inverse Proportional Attenuation: The inverse proportional function exhibits a simi-
lar trend to logarithmic functions but with greater variation magnitude. This model
emphasizes close-range volume changes more significantly while rapidly decreasing
volume at greater distances, making it particularly suitable for simulating distant
source attenuation in open-world environments, such as modeling long-distance
sound propagation.

4. Custom Attenuation: Developers can precisely control sound attenuation character-
istics through custom attenuation functions to meet specific scenario requirements.
For instance, the red curve in Figure 3 demonstrates the effect of a quadratic atten-
uation function: during the initial stage of increasing distance, sound attenuation
occurs rapidly; as it approaches the outer radius, the attenuation rate stabilizes. This
non-linear yet smooth attenuation approach is particularly suitable for complex sce-
narios requiring gradual fade-out with natural transitions, such as in sophisticated
audio environments.
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Figure 2. Sound attenuation simulation workflow. The diagram illustrates the processing pipeline
from raw audio source binding through distance-dependent attenuation parameter configuration to
the final spatially attenuated output rendered by the Unreal Engine Sound Attenuation asset.
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Figure 3. Representative sound attenuation curves as a function of normalized distance. Four attenua-

tion models are compared: linear, logarithmic, inverse proportional, and a custom quadratic function
(red curve), demonstrating the configurable intensity roll-off behavior supported by the platform.

2.4. Spatial Reverberation and Obstacle Reflection

Spatial reverberation refers to the acoustic phenomenon resulting from the reflection,
refraction, and scattering of sound waves as they interact with environmental objects during
propagation. This effect represents a fundamental characteristic of acoustic environments,
enabling the simulation of realistic sound propagation behaviors in various spatial contexts.
Specifically, this is realized through the Audio Volume actor coupled with the Reverb Effect
asset provided by the engine’s native audio subsystem. Reverb volumes define specific
zones within a scene where predetermined reverberation characteristics are applied when
either the sound source or listener enters these areas. Reverb effects provide comprehensive
parameter customization, including reverberation decay time, density, diffusion, and gain,
allowing for precise control over the acoustic properties of simulated environments.

2.5. Data Transmission Protocol

In simulation environments, audio data output for algorithmic processing is imple-
mented through dedicated interfaces. The platform utilizes the UDP network protocol for
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audio data transmission, leveraging its low-latency and real-time performance advantages.
The system enables precise device addressing through IP and port configuration, with the
loopback address 127.0.0.1 typically employed for local testing and debugging.

The platform provides real-time audio recording capabilities coupled with socket-
based data transmission. The transmitter encodes audio at the configured sampling rate
for continuous streaming, while the receiver decodes incoming data through designated
port monitoring. To optimize performance, developers can adjust sampling rates to balance
audio quality against bandwidth requirements. Critical to transmission integrity is main-
taining parameter consistency between endpoints, including identical encoding formats,
matching sampling rates and consistent bit depth specifications. This synchronization
prevents decoding artifacts, playback anomalies, or signal degradation. The UDP socket
implementation ensures efficient data transfer while preserving real-time characteristics,
as format conversion during transmission would introduce undesirable latency. Through
proper parameter configuration and sampling rate optimization, the platform delivers faith-
ful audio data suitable for advanced algorithmic processing. Figure 4 shows the real-time

operating status of the platform.

©O® - o X

S8OPO BOOE R

Figure 4. Real-time operating status of the simulation platform. The interface displays the Unreal
Engine 5.1 viewport with a UAV navigating a 3D environment, alongside the audio processing panel
showing active dual-channel waveform monitoring and network data transmission status via UDP.
The Chinese in the picture is the software parameters.

2.6. Visual Simulation Component

The visual simulation system employs physically accurate rendering techniques to
achieve realistic environmental simulation. This system facilitates the modeling of di-
verse scenarios including urban landscapes, natural terrains, and industrial complexes,
with precise simulation of diurnal lighting variations, dynamic weather effects, and complex
occlusion relationships. The camera simulation module provides multispectral imaging
capabilities encompassing visible light, depth, infrared, and semantic segmentation modal-
ities, while supporting configuration of critical optical parameters such as field of view,
focal length, and lens distortion. The real-time rendering engine maintains stable high-
frame-rate performance even in complex scenes, and enables synchronous multi-sensor
data acquisition through standardized interfaces. This platform significantly enhances the
development and validation efficiency of UAV environmental perception, object recogni-
tion, and autonomous navigation algorithms, while substantially reducing the cost and
duration of physical testing. In particular, atmospheric fog is implemented using the
engine’s Exponential Height Fog component, whose rendering follows the Beer-Lambert
extinction law. The Fog Density parameter controls the optical extinction coefficient per
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unit distance, enabling the reproduction of visibility conditions ranging from light haze to
dense fog.

Collectively, these design choices explicitly target the Sim2Real gap across both modal-
ities. On the visual side, the physically based rendering pipeline, combined with the
Beer-Lambert fog model and complex 3D scene layouts, reproduces the material reflec-
tions, lighting variations, and atmospheric degradation that challenge real-world detectors.
On the acoustic side, the Sound Attenuation asset models distance-dependent absorp-
tion, the Reverb Effect asset reproduces environmental reverberation, and configurable
ambient noise profiles allow SNR conditions to be matched to physical deployment sites.
The quantitative validation in Section 4 confirms that these combined measures effectively
narrow the domain gap to an operationally acceptable level. The theoretical foundations
for atmospheric sound attenuation in outdoor propagation scenarios are well established
in the literature [36].

3. Sound Source Localization Based on Time Delay Estimation

In modern sound source localization technology, TDOA-based localization algorithms
are widely applied in fields such as acoustics, surveillance, and robotic navigation due
to their efficiency and precision [37]. The core principle of TDOA algorithms involves
utilizing the time differences of the same sound source signal received by two or more
microphones to estimate the sound source’s position through geometric relationships, as
illustrated in Figure 5.

. Windowing GGC & Peak
Signal Weighting Detection
B T Cross-correlation -
x[n] N “‘q‘i s function f :j \\
R, ()= IFFT B
- F(
10pea || Windowing [IEOBGE argmax R[]
= I 2
I 'l c
x,[n] A “\w“u o Estimated
V Time Delay

Figure 5. Schematic of time delay estimation using a dual-microphone array. The diagram depicts the
geometric relationship between the sound source, the two spatially separated microphones (M; and Mj),
and the resulting path length difference (Ad) that gives rise to the time difference of arrival (At).

3.1. Time Delay Estimation

In the realm of passive acoustic localization, the TDOA serves as a fundamental pa-
rameter for estimating the direction and position of a sound source. By analyzing the prop-
agation delay between spatially separated sensors, the geometric locus of the source can be
constrained to a hyperboloid. In practical engineering applications, the cross-correlation
function is rigorously employed to estimate this time delay. This statistical method quan-
tifies the similarity between two distinct signal streams as a function of the temporal lag
applied to one of them, thereby identifying the precise moment of maximum coherence.

Mathematically, the cross-correlation function, denoted as ny(’r), measures the dis-
placement of one signal relative to another by integrating their product over time. Given
two continuous-time signals x(t) and y(t) received by a sensor pair, the cross-correlation
function with respect to the time delay variable 7 is defined as:

Ruy(7) = /j:x(t) y(t+T) dt. (1)
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This integral represents a “sliding inner product”, where the correlation value indicates
the degree of waveform alignment at a specific lag 7. The function Ry, () exhibits a global
maximum when the lag T compensates for the physical propagation delay At between
the sensors.

Under the assumption of an ideal anechoic environment where x(t) and y(t) originate
from a single stationary sound source, the signal received by the second microphone,
y(t), can be modeled as a time-shifted and attenuated version of the reference signal x ().
Neglecting amplitude attenuation for the purpose of delay estimation, the relationship is
expressed as:

y(t) = x(t = At). 0

Consequently, the objective of the TDOA estimation algorithm is to identify the lag value
that maximizes the signal energy overlap. The estimated time delay At corresponds to the
argument of the peak of the cross-correlation function:

At = arg max Ry (7). 3)

To enable efficient real-time processing, the GCC method [38] exploits the frequency
domain. By leveraging the Convolution Theorem, the time-domain cross-correlation is
equivalently expressed as the Inverse Fourier Transform of the Cross-Power Spectrum:

Ryy(t) = FHX(f) - Y*(f)) @)

where F~! denotes the Inverse Fourier Transform operator, and X(f) and Y(f) represent
the frequency spectra of the signals x(t) and y(t), respectively. The term Y*(f) denotes
the complex conjugate of Y(f), ensuring that the phase difference between the signals is
correctly captured in the spectral domain. The geometric basis for the subsequent DOA
derivation is illustrated in Figure 6.

W,

.~ Drone
N N ml"|||||||H|||mu|‘|n|’||nu”||

/

Figure 6. Geometric derivation of the Direction of Arrival (DOA) angle. Under the far-field plane-
wave approximation, the azimuth angle 6 is computed from the projection of the baseline distance d
onto the propagation direction, yielding the closed-form relationship Ad = d cos 6.

3.2. TDOA-Based Acoustic Sensing Principle

To mathematically model the acoustic perception capability within the simulation
platform, we adopt a physics-based Time Difference of Arrival (TDOA) framework tailored
for a dual-channel sensor configuration. The spatial origin of a sound source is estimated
from the temporal disparity of signals reaching two spatially separated sensors.
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Let the acoustic source be denoted as S, located at an unknown position in the Eu-
clidean space. The platform is equipped with a linear array consisting of two microphones,
M; and My, separated by a fixed baseline distance d. Assuming the propagation medium is
homogeneous with a constant speed of sound c (typically 343 m/s in standard atmospheric
conditions), the absolute Time of Arrival (TOA) of the wavefront at the two microphones is
denoted as t; and t;, respectively.

In passive detection scenarios, the absolute emission time ¢y of the non-cooperative
target is unknown, rendering absolute distance measurement impossible. However, the rel-
ative time difference, or TDOA (At), can be precisely extracted. Mathematically, this is
defined as:

At =tp —t. (5)

Based on the kinematics of sound propagation, this temporal delay corresponds to a
path length difference Ad, which represents the additional distance the acoustic wavefront
must travel to reach the farther sensor:

Ad = c- At. (6)

This relationship serves as the fundamental physical constraint used by the simulation
engine to generate physically consistent acoustic data, ensuring that the simulated signals
strictly adhere to the geometric laws of wave propagation.

3.3. DOA Estimation

The system focuses on estimating the DOA, providing a directional vector that guides
the visual sensor’s field of view.

To derive the azimuth angle, we employ the far-field approximation. Since the distance
between the UAV target and the sensor array is significantly larger than the baseline d,
the acoustic rays reaching M; and M; can be approximated as parallel plane waves.

Under this geometric assumption, the path length difference Ad corresponds to the
projection of the baseline 4 onto the direction of propagation. Let 6 denote the azimuth
angle of the sound source relative to the array’s axis. The geometric relationship is governed
by the law of cosines:

Ad =d - cos@. (7)

In practice, the raw dual-channel audio contains broadband spectral noise from wind
turbulence, motor harmonics, and sensor self-noise. To ensure robust TDOA estimation,
two signal conditioning steps are applied. First, a fourth-order Butterworth band-pass
filter with passband [200 Hz, 4000 Hz] is applied to each channel to reject low-frequency
and high-frequency noise, improving the SNR within the frequency band of interest.
The time delay At is then estimated via the Generalized Cross-Correlation with Phase
Transform (GCC-PHAT):

[ XD e
Ru) = [ o ©

where X;(f) and X;(f) are the Fourier transforms of the filtered channels. The PHAT
weighting whitens the cross-power spectrum, suppressing narrowband noise and reverber-
ation. The TDOA is obtained as At = arg maxr R (7).

The GCC-PHAT estimator maintains reliable performance for in-band SNR above
approximately —5dB, i.e., even when the ambient noise power moderately exceeds that
of the target signal. In typical outdoor UAV detection scenarios, the in-band SNR is well
above this threshold. Moreover, in the audio—visual fusion framework, when the acoustic
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SNR falls below the effective boundary, the system prioritizes visual detections and the
acoustic branch serves only as a coarse directional cue for camera steering.

Substituting the TDOA relationship derived in Equation (8), we obtain the closed-form
solution for the angle of arrival:

0 = cos™! (C 'dAt>. 9)

Here, the estimated angle 6 is constrained to the range [0°,180°]. It is important to
note that a linear dual-microphone array inherently exhibits front-back ambiguity. In the
context of our audio—visual fusion framework, this ambiguity is resolved either by the
directional constraints of the camera’s FOV or by the platform’s kinematic maneuvers,
which effectively synthesize a larger virtual aperture over time.

4. Experimental Setup and Results

To systematically validate the proposed platform and fusion strategy, four experiments
are conducted in a paired Sim2Real structure:

1.  Acoustic Localization—Simulation (Section 4.1): A quadrotor UAV executes uni-
form circular motion around a virtual sensor array within the UE5.1 environment.
This experiment evaluates the TDOA algorithm’s angular tracking accuracy across a
continuous azimuthal sweep using purely simulated acoustic data.

2. Acoustic Localization—Physical (Section 4.2): Physical quadrotor UAVs are deployed
on tripods, with one serving as the sound source and the other hosting the micro-
phone array. The source is repositioned at discrete angular intervals to validate the
simulation-derived localization performance against real-world acoustic propagation
and hardware noise.

3. Audio-Visual Fusion—Simulation (Section 4.3): A dynamic tracking scenario is
constructed in a simulated foggy woodland, where atmospheric scattering intermit-
tently degrades visual detection. The confidence-gated fusion controller automatically
switches between visual and acoustic modalities, demonstrating continuous target
tracking under severe visibility loss.

4. Audio-Visual Fusion—Physical (Section 4.4): The fusion experiment is replicated
in a real indoor environment using physical occlusions (columns and whiteboards).
A D435i camera and microphone array are fused on physical hardware to verify that
the cooperative switching behavior observed in simulation transfers reliably to the
real world.

Experiments 1-2 isolate the acoustic subsystem to characterize its intrinsic accuracy,
while Experiments 3—4 evaluate the full audio—visual pipeline. Each simulation—physical
pair enables direct Sim2Real comparison under matched conditions.

4.1. Sound Source Localization Simulation

The experimental setup is initialized by configuring the platform’s network listening
interface, which is bound to a specific IP address and port to receive the raw dual-channel
audio stream from the simulation environment at a sampling rate of f; = 48,000 Hz. Since
the raw audio stream typically arrives in an interleaved format, a pre-processing stage is
implemented to decouple the stream into independent left and right channel vectors. This
is achieved by extracting alternating samples, which is a prerequisite for computing the
cross-correlation function and the subsequent time delay 7. To guarantee robustness and
real-time performance, a concurrent multi-threading architecture is adopted. A “Producer-
Consumer” model is utilized where the data reception thread continuously populates a
circular ring buffer (set to a capacity of 0.2 MB), while the processing thread simultaneously
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retrieves data frames for the algorithm. This decoupling mechanism prevents data packet
loss caused by algorithmic computation delays, ensuring a continuous and audio stream,
as depicted in Figure 7.

Continue ) )
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Figure 7. Schematic of the concurrent data buffer architecture. The reception thread continuously
writes incoming audio frames into a circular ring buffer, while the processing thread asynchronously
retrieves buffered data for real-time TDOA computation, thereby decoupling data acquisition from
algorithmic processing to prevent packet loss.

To rigorously validate the localization fidelity, a dynamic trajectory scenario is con-
structed within the simulation platform. A quadrotor UAV is assigned a pre-planned
trajectory of UCM around the sensor array, which acts as the geometric center of the tra-
jectory. This setup allows for a comprehensive evaluation of the algorithm’s performance
across a continuous range of azimuth angles. As illustrated in Figure 8, the scenario vi-
sualization displays the sensor location at the apex of the central cone, with the real-time
ground truth azimuth of the UAV displayed via the blue numerical indicator in the upper-
left overlay. The specific experimental parameters are configured as follows: the simulated
microphone array baseline (spacing) is fixed at d = 0.5 m to balance spatial resolution and
phase ambiguity; the UAV’s angular velocity is stabilized at w = 2°/s to minimize Doppler
shift interference; and the audio processing window length is set to 0.5 s per iteration
to achieve a balance between temporal responsiveness and frequency domain resolution.
The simulation engine host is configured with the loopback IP address 127.0.0.1, listening
on port 28003.

The estimated trajectory results derived from the TDOA algorithm are presented
in Figure 9a. The comparative analysis demonstrates that the calculated azimuth angle
exhibits a high degree of correlation with the UAV’s actual kinematic trend, confirming the
algorithm’s ability to track moving sources within the virtual environment. However, a dis-
tinct geometric constraint is observed due to the linear topology of the dual-microphone
array. The system exhibits inherent “front-back ambiguity,” constraining the unique so-
lution space to the range of [0°,180°]. Consequently, when the UAV traverses the rear
half-plane (actual angle 6 > 180°), the algorithm correctly identifies the time delay magni-
tude but maps the result to its symmetric conjugate in the front half-plane. This results in
the calculated angle appearing as the supplementary angle (or symmetric mirror) of the
true azimuth. It should be noted that the dual-microphone configuration is a deliberate
design trade-off favoring lightweight on-board deployment over full azimuthal coverage.
In practice, this front-back ambiguity is resolved cooperatively within the fusion pipeline.
When the visual detector is operative, the camera-based bearing provides an unambiguous
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full-circle reference, allowing the system to select the TDOA solution (either 8 or 180° — )
that is geometrically consistent with the visual detection sector, effectively using vision as a
real-time arbiter for hemisphere selection. In situations where visual detection becomes
unavailable due to occlusion or fog, the fusion controller commands the platform to execute
a deliberate rotational maneuver; the resulting change in the observed DOA—specifically,
whether the estimated angle increases or decreases relative to the known rotation direction—
uniquely identifies the true hemisphere of the sound source, thereby resolving the mirror
ambiguity without visual input. This cooperative disambiguation strategy ensures that
the [0°, 180°] geometric constraint does not degrade the system’s operational coverage
in practice. The quantitative performance is further detailed in Figure 9b, which plots
the error curve between the estimated angle (corrected for symmetry) and the ground
truth. Crucially, visual detection resolves the ambiguity through both positive and negative
confirmation. For instance, if the TDOA estimate indicates 30°, and the visual detector
identifies the target within the camera FOV, the estimate is directly confirmed. Conversely,
if no target is observed despite an active TDOA reading, the system infers that the source
lies in the rear hemisphere, as the absence of a visual detection within the forward-facing
FOV constitutes conclusive negative evidence. Under conditions where visual detection
fails entirely, the system enters an acoustic-guided rotational search mode, and the resulting
change in the TDOA-estimated angle uniquely identifies the true hemisphere.

Trajectory

Figure 8. Simulation scenario for the acoustic localization experiment. A quadrotor UAV executes
uniform circular motion around the central sensor array. The blue numerical indicator in the upper-
left overlay displays the real-time ground-truth azimuth.

By deploying the TDOA-based sound source localization algorithm within the acoustic
simulation platform, the relative azimuth of the quadrotor UAV was successfully computed
and verified. The results effectively validate the effectiveness of the proposed simulation
platform for developing and testing UAV acoustic perception algorithms. Through a rig-
orous post hoc error analysis, the reliability of the platform has been confirmed, with the
observed deviations attributed to a confluence of algorithmic and systemic factors. Specif-
ically, the inherent discrete-time sampling imposes a quantization limit on the TDOA
resolution, which inevitably propagates into the angular estimation accuracy. Simultane-
ously, unavoidable simulated hardware latencies—including buffer jitter and asynchronous
data transfer delays—introduce minor temporal misalignments. These artifacts effectively
mirror real-world sensor imperfections, thereby further validating the platform’s fidelity in
replicating practical deployment challenges.
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Figure 9. Sound source localization results from the simulation experiment. (a) Comparison of the
TDOA-estimated azimuth trajectory against the ground-truth angle during uniform circular motion,
illustrating the front-back ambiguity inherent to the linear dual-microphone array. (b) Corresponding
angular error over time.

4.2. Sound Source Localization Physical Experiment

As illustrated in Figure 10, the experimental setup consists of two quadrotor UAVs,
each mounted on a tripod at a height of 1m, separated by 2m. UAV A is equipped
with a linear dual-microphone array (baseline d = 0.5m), oriented horizontally along the
inter-UAV axis. Both channels are acquired through a single dual-channel audio interface
at f; = 48,000 Hz, guaranteeing inter-channel synchronization with zero relative time
offset. UAV B serves as the sound source with its rotors operating normally to generate
realistic in-flight acoustic emissions, while UAV A’s rotors remain stationary to isolate the
received signal from self-noise. The microphone array is mounted on the physical UAV
airframe—rather than on a standalone tripod—because the UAV’s onboard flight controller
is connected to the optical motion capture system via the local-area network, enabling time-
synchronized acquisition of ground-truth position data. The tripod mounting eliminates
translational and rotational motion, thereby isolating the acoustic localization performance
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from flight dynamics uncertainties in a controlled setting. The relative angular position
of UAV B is calculated using the GCC-PHAT TDOA algorithm described in Section 3. In
all physical experiments, the ground-truth azimuth was obtained using an optical motion
capture system with a positional accuracy of § = 0.1-0.5 mm. The angular uncertainty
of the reference measurement was derived as dy = arctan(é/d), where d is the source-to-
array distance. At the experimental baseline of d = 2 m and worst-case positional error
6 = 0.5 mm, this yields dyp ~ 0.014°, which is two orders of magnitude below the reported
localization RMSE and therefore has a negligible impact on the evaluation results. During
the experiment, the sound source UAV B is moved to different angular positions at 20°
intervals. UAV A, equipped with the dual-microphone array, receives the signals emitted
by the sound source UAV and uses the collected data to calculate the angular position of
the sound source.

Figure 10. Schematic diagram of the physical experimental setup. Two quadrotor UAVs are mounted
on tripods at a height of 1 m and separated by 2m. UAV A is equipped with a dual-microphone
sensor array for signal reception, while UAV B serves as the sound source with active rotors.

Figure 11a demonstrates the performance of the sound source localization algorithm
in practical applications. As can be seen from the figure, the algorithm maintains high
accuracy across most angular ranges. However, significant increases in angular error are
observed near 0° and 180°. This phenomenon is primarily attributed to the geometric
constraint of the linear dual-microphone array: at these end-fire directions, the cosine
function in Equation (9) approaches its extrema, where the derivative |00/9(At)| tends to
infinity, causing small TDOA estimation errors to be amplified into large angular deviations.
Formally, error propagation of the DOA estimator § = arccos(c At/d) yields:

J(At)

ol (10)

c
00~ d |sin6|
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As 0 — 0° or 180°, the denominator |sinf| — 0, causing any finite TDOA estimation
error 6(At) to be amplified without bound. This divergence is an inherent mathematical
property of linear array geometry and is independent of rotor interference. As shown in
Figure 11b, the error distribution confirms that this boundary effect is the dominant source
of localization inaccuracy, highlighting a well-known limitation of linear array geometries
in practical deployment scenarios.
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Figure 11. Physical UAV sound source localization results. (a) Estimated azimuth angle versus
ground-truth across discrete angular positions at 20° intervals. (b) Angular error distribution at each
measured position.

4.3. Acoustic-Visual Simulation Experiment

This experiment designs a UAV cooperative detection system tailored for complex
meteorological conditions, enhancing environmental adaptability by fusing visual and
acoustic sensing modalities. In the simulated foggy woodland scenario, the visual sub-
system experiences significant degradation in imaging performance due to atmospheric
scattering effects. To address this, the system establishes a detection mechanism based on
complementary heterogeneous sensors: the visual perception subsystem is constructed
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using the YOLO object detection algorithm, and when the visual detection confidence falls
below a preset threshold, the acoustic perception subsystem is automatically activated,
compensating for the limitations of visual perception. Experimental validation demon-
strates that this fusion strategy effectively overcomes the environmental sensitivity of single
sensors, significantly improving the continuous detection capability of UAV targets under
dense fog conditions.

Formally, let ¢ € [0, 1] denote the YOLO detection confidence score at frame ¢, and let
T denote the switching threshold. The fusion controller operates as a binary state machine
with two states: Visual-Active (Sy) and Acoustic-Active (S4). The state transition and
output selection rules are defined as:

Sv, if Ct >T
Sp = (11)
Su, i<t

0Ys, ifS; =Sy
02, if Sy =Sy

>
-
|

(12)

where 6} is the visual bearing derived from the YOLO bounding box center, 62 is the
TDOA-based acoustic bearing, and 6 is the fused output. In the experiments presented in
this work, the threshold is set to T = 0.6.

Regarding sensitivity to this hyperparameter: setting 7 too high (e.g., T > 0.7) causes
the system to distrust valid but lower-confidence visual detections, leading to excessive
switching into acoustic mode; the resulting frequent mode transitions introduce jitter at
the switching boundaries and degrade overall angular precision, as acoustic estimates
carry inherently higher noise. Conversely, setting T too low (e.g., T < 0.3) causes the
system to over-rely on the visual channel, admitting low-confidence detections that may
correspond to false positives (e.g., background clutter misidentified as a UAV), thereby
introducing erroneous bearing estimates. The value T = 0.6 was empirically selected
to balance these two failure modes, providing stable state transitions while maintaining
reliable visual detections.

Figure 12a illustrates the dynamic detection process of the simulation experiment:
when the target UAV exceeds the visual visibility range, the system automatically activates
the acoustic sensor for azimuth detection; when the target enters the visible range, it
switches to visual detection mode. In Figure 13, through the spatiotemporal correspondence
between the acoustic localization trajectory and the visual detection period (highlighted
by shaded areas in the figure), visually reveals the cooperative working mechanism of the
dual-modal sensors. Experimental data indicate that in foggy environments with severe
visibility fluctuations, the alternating activation and information complementarity of the
acoustic-visual sensors effectively maintain the continuity of target tracking, validating the
adaptability of the multi-modal fusion strategy to adverse meteorological conditions.

4.4. Acoustic-Visual Physical Experiment

This experiment successfully replicated the detection process of Experiment 3 in a
real-world scenario. By fusing sensor data from the microphone array and the D435i
camera, a complementary detection mechanism was constructed, and a motion compensa-
tion system was employed for path planning of the target UAV. The experimental setup
included two types of obstructions—vertical columns and whiteboards—positioned at the
starting point and along the flight path of the UAV to simulate detection challenges in
complex environments.
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8 Drone
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Figure 12. Audio-visual fusion UAV localization. (a) Simulation of a low-visibility foggy wood-
land scenario. The blue box indicates visual detection, while the red pointer displays TDOA-based
acoustic azimuth. Yellow lines denote trajectory and prediction. Sequence 1-9 records the engage-
ment: emerging, maneuvering, and receding. The dashed arrow indicates the situation when it
is blocked. (b) Experimental setup with display board obstacles for evaluating perception under
physical occlusion. Frames 1-9 illustrate the sequence: emerging from occlusion, maneuvering,
and receding.

https://doi.org/10.3390/drones10030190


https://doi.org/10.3390/drones10030190

Drones 2026, 10, 190

21 of 27

Angle (%)

0 5 10 15 20 25 30 35 5 10 15 20 25 30
Time (s) Time (s)

(a) Simulation: Vision Only (d) Physical: Vision Only

++++ Ground Truth ~e Ground Truth
—— Audio Only

0 5 10 15 20 25 30 35 5 10 15 20 25 30
Time (s) Time (s)

(b) Simulation: Audio Only (e) Physical: Audio Only

~e+ Ground Truth ~e+ Ground Truth
140 — Fusion

Angle ()
Angle (%)

0 5 10 15 20 25 30 35 5 10 15 20 25 30
Time (s) Time (s)

(c) Simulation: Audio—Visual Fusion (f) Physical: Audio-Visual Fusion

Figure 13. Modality ablation comparison of tracking performance. (a—c): Simulation under foggy
woodland conditions. (d-f): Physical experiment under occlusion. Light blue shading indicates
intervals where visual detection was active.

As shown in Figure 12b, during the dynamic detection process, when the target UAV is
obstructed, the system automatically activates the auditory subsystem to assist in steering,
thereby ensuring the continuity and stability of the detection process. This mechanism
effectively addresses the limitations of single-sensor detection in complex environments,
significantly enhancing the system’s robustness. Experimental results demonstrate that the
combined acoustic-visual sensor approach can adapt to various environmental conditions
and assist the visual system in achieving precise localization when visual information is
insufficient. Furthermore, the consistency between simulation and real-world experimental
results indicates that simulation experiments hold significant reference value and can
provide reliable theoretical foundations for the design and optimization of practical systems.
As shown in Table 1, in Experiment 3 and Experiment 4 where only vision was active,
the proportion of time during which the UAV was detected was relatively low due to
environmental obstructions or foggy conditions. To compensate for this impact, auditory
assistance was introduced, albeit with a slight reduction in accuracy. It is important to
recognize the fundamental role of the acoustic modality within the proposed system. Rather
than serving to significantly enhance absolute tracking precision—a domain where visual
sensors naturally excel—the acoustic sensor acts as a critical auxiliary modality. Its primary
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value lies in generating reliable directional cues for initial target discovery and providing a
robust fallback for continuous tracking when the visual target is lost due to occlusion or
severe weather. Specifically, the lower RMSE of the vision-only system (2.61° in simulation)
is computed exclusively over intervals where the visual detector was active (approximately
52% of the duration), while the target was entirely untracked during the remaining periods.
In contrast, the audio-visual fusion system leverages acoustic steering to extend tracking
coverage to near-continuous operation. Therefore, the mathematically higher RMSE of the
fusion system does not indicate inferior performance; instead, it underscores the systemic
reliability gained by incorporating acoustic sensing to maintain target awareness during
periods of critical visual failure.

Table 1. Modality Ablation Study: Simulation and Physical Experiment Results.

Experiment RMSE (°) SD (°) Tracking Coverage (%)
Simulation (vision-only) 2.61° 1.73° 51.56
Simulation (audio-only) 4.11° 4.11° 100.00
Simulation (audio—visual) 3.28° 3.10° 100.00
Physical (vision-only) 3.93° 2.70° 39.82
Physical (audio-only) 3.66° 3.43° 100.00
Physical (audio—visual) 3.50° 2.83° 100.00

To quantify the platform’s reliability, we analyze the consistency between the simulated
and physical domains. As detailed in Table 1, the system exhibits isomorphic behavioral
trends in both environments. Although the physical experiments show a slightly higher
RMSE, this performance degradation is within an acceptable margin. This reality gap
is primarily attributed to unmodeled stochastic factors, such as wind gusts affecting the
physical drone’s stability and non-linear hardware noise in the commercial microphone
array. Nevertheless, the fact that the fusion strategy successfully triggered and maintained
tracking in both domains validates the platform’s Sim2Real transfer capability.

The ablation results in Table 1 and Figure 13 quantitatively reveal the contribution of
each modality. The vision-only configuration achieves the lowest RMSE (2.61° in simulation,
3.93° in physical) but provides tracking coverage for only approximately 52% and 40%
of the total duration, respectively, due to environmental obstructions and foggy condi-
tions. The audio-only configuration maintains 100% temporal coverage but exhibits higher
angular noise (RMSE of 4.11° in simulation, 3.66° in physical). The audio—visual fusion
system combines the complementary strengths of both modalities, achieving 100% tracking
coverage while maintaining overall RMSE values (3.28° and 3.50°) that are comparable
to or lower than those of audio-only operation. These results confirm that each modality
provides an indispensable contribution to the system and that the fusion strategy effectively
leverages their complementarity.

To substantiate the Sim2Real consistency beyond point-estimate comparisons, we
conducted a suite of statistical analyses on the angular error distributions, summarized
in Table 2.

Bootstrap resampling (N = 10,000) confirms narrow confidence intervals (all
widths < 0.5%), demonstrating statistical stability. Cohen’s d effect size indicates that the
acoustic Sim2Real gap is negligible (d = 0.14), while the visual gap is moderate (d = 0.64),
attributable to illumination and texture variations not fully replicated by the rendering
engine. A percentile-matched Pearson correlation (r > 0.99 for both channels) further
confirms that the error distribution shapes are nearly identical across domains.
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Table 2. Statistical validation of Sim2Real consistency.

Metric Acoustic Visual
RMSE 4.11° 3.93°
CI [3.98°, 4.24°] [3.73°, 4.13°]
Cohen’s d 0.14 0.64
Pearson r 0.994 0.990
OVL 77 1% 54.4%

4.5. Comparative Quantitative Assessment

To provide a thorough evaluation, we conducted an extensive comparative assessment
by introducing five recognized baseline methods—spanning solitary modality tracking and
various multisensor fusion techniques—resulting in a 6-method quantitative comparison.

The newly added comparison includes:

e  Audio Methods: GCC-PHAT, MUSIC, and MVDR.
*  Filtering & Fusion Methods: Moving Average and Kalman Filter.

To ensure a fair and consistent evaluation, all resulting trajectories—including our
proposed method—were processed with an identical median filtering step to reduce mea-
surement outliers. The comprehensive results are summarized in Table 3.

Table 3. Quantitative Comparison of 6 Tracking Methods.

Method RMSE (°) MAE (°) SD (°) Detection Rate < 10° (%)
Audio Baselines

GCC-PHAT 5.49 4.69 2.85 96.28

MUSIC 6.90 3.11 6.16 98.21

MVDR 6.88 3.08 6.16 98.21
Multi-Sensor Fusion Baselines

Moving Average 6.31 524 3.52 89.45

Kalman Filter 5.89 4.98 3.15 95.04

Proposed Fusion 5.85 4.95 3.11 94.27

The quantitative results in Table 3 and Figure 14 demonstrate that the proposed
confidence-gated fusion strategy achieves a stable performance (RMSE 5.85°). It provides
comparable accuracy to established, computationally intensive filtering algorithms such as
the Kalman Filter (5.89°), while audio-only methods like GCC-PHAT, MUSIC, and MVDR
can achieve low tracking errors when localized accurately (e.g., MAE ~3.1°), they are
inherently more susceptible to environmental reverberation, which occasionally produces
multi-path localization errors that penalize the RMSE. The comparative assessment con-
firms that our proposed method can maintain reliable and robust tracking performance
without relying on predefined complex kinematic models. This lightweight characteristic
makes it particularly suitable for deployment on resource-constrained anti-UAV platforms.

4.6. Discussion

While the proposed platform and fusion strategy demonstrate robust performance,
several technical limitations warrant discussion. At the hardware level, the current dual-
microphone configuration is restricted to 1D azimuth estimation, lacking the vertical and
depth resolution required for full 3D target localization. Furthermore, the microphone
baseline is constrained by the physical dimensions of the quadrotor, which inevitably
limits the spatial resolution for low-frequency acoustic sources. From an algorithmic
perspective, the confidence-gated fusion relies on empirical thresholds which may require
adaptive optimization for varying environmental SNR levels. Additionally, the system
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is currently optimized for single-target tracking; robust multi-source separation in dense
swarm scenarios remains an open challenge.

Future research will focus on expanding the platform’s multi-modal capabilities. This
includes modeling dynamic atmospheric constraints (e.g., wind gusts, heavy precipitation)
and integrating additional sensors such as LIDAR and Radar to enhance robustness in
extreme Sim2Real transitions. We also aim to evolve the fusion logic into a multi-UAV
cooperative framework, enabling swarm-level collaborative perception and autonomous
navigation in GNSS-denied environments.

Moreover, a dedicated, component-level validation of the acoustic propagation model—
such as comparing simulated versus measured sound pressure levels across distance—was
not conducted in this study and remains a direction for future work; however, the end-to-
end statistical analysis presented above (Table 2) demonstrates that the acoustic Sim2Real
gap is negligible at the task level.
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Figure 14. Trajectory tracking performance across different baseline methods. The plots are catego-
rized into pure audio high-resolution algorithms and representative multi-sensor fusion algorithms
including ours.

5. Conclusions

This paper presents a novel Sim2Real simulation platform designed to provide a
physics-informed simulation environment dedicated to UAV acoustic algorithm devel-
opment. By implementing an advanced acoustic rendering engine that models sound
propagation physics, the platform bridges the domain gap between synthetic and physical
acoustic environments. Through rigorous cross-validation with physical experiments, we
demonstrate not only the platform’s effectiveness in implementing TDOA-based sound
localization but also the transferability of fusion algorithms to real-world scenarios involv-
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ing visual interference. The demonstrated consistency between simulated and physical
behaviors establishes this platform as an essential tool for narrowing the reality gap in UAV
acoustic sensing research.

The platform extends beyond conventional acoustic simulation by offering unique
audio—visual co-simulation capabilities, establishing a unified framework for multi-modal
sensor fusion research. This physics-consistent simulation environment enables system-
atic investigation of cross-modal interaction dynamics, which is particularly valuable for
overcoming visual perception degradation. Crucially, the high alignment between sim-
ulation and reality significantly reduces development cycles, providing a reliable proxy
for algorithm evaluation and ensuring robust deployment to physical hardware with
minimal adaptation.

Future work will focus on implementing dynamic weather modeling and moving
obstacle interactions to further enhance Sim2Real fidelity under complex atmospheric
constraints. Parallel efforts will explore adversarial swarm coordination and GNSS-denied
navigation, utilizing the platform to pre-validate robust cross-modal perception models
before field deployment, thereby establishing a closed-loop pipeline from virtual training
to physical reality. To facilitate reproducibility and community adoption, the simulation
scenes and audio rendering scripts have been released at https://github.com/RflySim/
RflySimAudio (accessed on 4 March 2026).
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