(9 g drones

Article

Multimodal Fusion and Dynamic Resource Optimization for
Robust Cooperative Localization of Low-Cost UAVs

Hongfu Liu *, Yajing Fu, Yangyang Ma and Wanpeng Zhang *

check for
updates

Academic Editor: Fei Gao

Received: 28 September 2025
Revised: 9 November 2025
Accepted: 19 November 2025
Published: 26 November 2025

Citation: Liu,H.;Fu,Y,;Ma,Y.;
Zhang, W. Multimodal Fusion and
Dynamic Resource Optimization for
Robust Cooperative Localization of
Low-Cost UAVs. Drones 2025, 9, 820.
https:/ /doi.org/10.3390/
drones9120820

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

College of Intelligence Science and Technology, National University of Defense Technology,
Changsha 410073, China
* Correspondence: liuhongfu@nudt.edu.cn (H.L.); wpzhang@nudt.edu.cn (W.Z.)

Highlights

What are the main findings?

e  Proposes a novel collaborative localization algorithm integrating a cross-modal atten-
tion mechanism to fuse vision, radar, and lidar data, significantly enhancing robustness
in occluded and adverse weather conditions.

e  Proposes a dynamic resource optimization framework using integer linear program-
ming, enabling real-time allocation of computational and communication resources to
prevent node overload and improve system efficiency.

What are the implications of the main findings?

e  Demonstrates superior performance in realistic simulations, significant improvements
in positioning accuracy, resource efficiency, and fault recovery, demonstrating strong
potential for applications in complex tasks.

e  Provides a practical, low-cost system solution validated in complex scenarios, estab-
lishing a viable pathway for the engineering deployment of robust UAV swarms.

Abstract

To overcome the challenges of low positioning accuracy and inefficient resource utiliza-
tion in cooperative target localization by unmanned aerial vehicles (UAVs) in complex
environments, this paper presents a cooperative localization algorithm that integrates
multimodal data fusion with dynamic resource optimization. By leveraging a cross-modal
attention mechanism, the algorithm effectively combines complementary information from
visual, radar, and lidar sensors, thereby enhancing localization robustness under occlusions,
poor illumination, and adverse weather conditions. Furthermore, a real-time resource
scheduling model based on integer linear programming is introduced to dynamically
allocate computational and communication resources, which mitigates node overload
and minimizes resource waste. Experimental evaluations in scenarios including maritime
search and rescue, urban occlusions, and dynamic resource fluctuations show that the
proposed algorithm achieves significant improvements in positioning accuracy, resource
efficiency, and fault recovery, demonstrating strong potential for applications in complex
tasks, demonstrating its potential as a viable solution for low-cost UAV swarm applications
in complex environments.

Keywords: multi-modal data fusion; dynamic resource optimization; cooperative target
localization; unmanned aerial vehicles (UAVs); low-cost hardware
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1. Introduction

With the rapid development of unmanned systems and sensor technology, collab-
orative target localization using Unmanned Aerial Vehicles (UAVs) has become one of
the core supporting technologies in critical fields such as search and rescue [1,2], marine
monitoring [3,4], and urban security [5]. Single UAV systems have inherent limitations in
terms of perception range, payload capacity, and environmental adaptability—for instance,
single-machine visual sensors are prone to losing target features in complex outdoor occlu-
sion scenarios, and radar sensors experience significant degradation in ranging accuracy in
strong clutter environments at sea, making it difficult to meet high-precision localization
demands in complex scenarios [4,6]. In contrast, multi-UAV collaborative localization,
with its significant advantages of wide coverage, high system redundancy, and strong
task adaptability, has gradually become a research hotspot in this field by overcoming the
performance bottlenecks of single machines through complementary multi-node sensor
data and coordinated resource scheduling [7,8].

In specific application areas, relevant research has achieved phased results: In search
and rescue missions, Rudol et al. [2] proposed a multi-drone visual detector collaborative
framework, which generates geographic location saliency maps by fusing detection results
from multiple drones. This approach improved the efficiency of locating missing persons
by over 40% in outdoor low-light and partially obstructed scenarios, effectively addressing
the issue of insufficient robustness in single-drone visual localization. In the field of marine
monitoring, Akram et al. [4] proposed a UAV-assisted Unmanned Surface Vehicle (USV)
visual localization scheme to address the limitations of Global Navigation Satellite System
(GNSS) signals in marine environments. Through visual data interaction between UAVs
and USVs, they managed to keep the USV localization error within 1 m even when GPS
signals were interfered with or obstructed by waves, successfully solving the technical
challenge of GNSS signal susceptibility in marine scenarios. In low-cost cluster application
scenarios, Li et al. [9] constructed a system based on Commercial Off-The-Shelf (COTS)
drones, utilizing hierarchical control and Simultaneous Localization and Mapping (SLAM)
technology. They achieved collaborative operations of a 10-node drone swarm under
hardware conditions equipped only with Raspberry Pi edge computing units, providing
a feasible path for the low-cost widespread application of swarm localization technology.
Ultra-wideband technology has emerged as a powerful solution for positioning in GNSS-
denied environments [10]. The aforementioned research and practical applications indicate
that multi-drone collaborative localization has become an important technological direction
for addressing complex task requirements.

However, the current multi-drone collaborative target localization technology still
faces two core challenges that restrict its performance improvement and engineering
implementation in complex scenarios:

Firstly, the construction and optimization of the multimodal data fusion mechanism
are insufficient, affecting positioning accuracy in complex environments [11]. With the
development of sensor technology, drone swarms can be equipped with various types of
sensors, and the multimodal data can complement each other. However, existing fusion
methods have not fully leveraged their advantages. For instance, the performance of
visual detectors declines under video signal compression and transmission, as well as in
complex operating conditions [12]. Although preliminary fusion of visual data and data
links has been achieved, other modal data have not been integrated, leading to significant
positioning deviations in complex scenarios, which makes it difficult to meet high-precision
task requirements. Furthermore, traditional fusion methods rely on manually designed
features, making it challenging to adapt to the heterogeneity and dynamics of multimodal
data, thereby limiting the improvement of positioning performance [13].
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Secondly, the dynamic resource optimization mechanism in multi-drone collaboration
has defects, leading to low system efficiency and significant resource waste [14]. Multi-
drone collaborative positioning requires coordinated scheduling of computational and
communication resources, while drone hardware resources are limited and communication
links are susceptible to interference, necessitating dynamic scheduling to match resources
with task demands [15,16]. Existing research has preliminarily considered constraints on
computational resources and communication bandwidth, but has not achieved real-time re-
source adjustments under dynamic task changes and environmental interference, resulting
in potential computational overload or insufficient bandwidth when tasks or environments
change. Current network adaptive frameworks lack the necessary dynamism and flexibility
in resource allocation in multi-task switching scenarios. In practical applications, failure to
dynamically allocate resources can lead to computational overload or idleness in certain
nodes, or data transmission delays exceeding requirements, thereby restricting the overall
collaborative efficiency of multi-drone systems.

To address the two core issues in multi-drone collaborative target localization men-
tioned above, this study aims to develop a collaborative localization algorithm that inte-
grates multimodal data fusion and dynamic resource optimization. By leveraging the deep
complementary fusion of multimodal data, the algorithm enhances localization accuracy in
complex environments, while dynamic resource scheduling achieves a balance between
system efficiency and resource utilization. The research findings hold significant theoretical
significance and practical application value. The contributions of this paper are as follows:

e A three-level multimodal feature extraction network is proposed, incorporating a
cross-modal attention (CMA) mechanism to address the poor adaptability of hetero-
geneous sensor data fusion. To tackle the differences in heterogeneous sensor data, a
hierarchical feature processing architecture is designed: the modality adaptation layer
standardizes the dimensions of radar, lidar data, and visual images through format
conversion; the shared feature layer employs a switchable backbone network, intro-
ducing the CMA mechanism to enhance the complementarity among modalities; the
task-specific layer adjusts modality weights based on scene requirements, resolving
issues such as “information mismatch,” resulting in a 35-40% reduction in multimodal
fusion localization errors compared to traditional methods.

e  Establish a multi-stage collaborative verification mechanism for multiple drones to
ensure data consistency and positioning accuracy. Design a comprehensive collabora-
tive verification scheme: In the result association stage, image feature matching and
Ultra-Wideband (UWB) ranging are used to determine whether the detection results
point to the same target, eliminating mismatches; in the weighted fusion stage, the
trace of the extended Kalman filter (EKF) covariance matrix is calculated to assess
positioning reliability, generating weights to obtain the final coordinates of the tar-
get; in the anomaly removal stage, Grubbs’ test is employed to eliminate anomalous
positioning results, and UWB technology is utilized to correct the drone’s attitude, en-
suring spatial alignment of data among multiple drones. This mechanism reduces the
mean absolute positioning error (mnAPE) of collaborative positioning among multiple
drones by 45% compared to the non-verification scheme, with an anomaly removal
rate exceeding 98%.

e Design a dynamic resource optimization scheme to achieve real-time adaptation of
models and tasks, ensuring continuity and efficiency in positioning. To address the
issue of limited resources for drones, a hybrid offline—online closed-loop mechanism
is constructed: in the offline phase, a model library is built; in the real-time phase,
distributed sensing monitors hardware load and communication bandwidth, dynam-
ically scheduling based on an Integer Linear Programming (ILP) model: switching
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to lightweight models under high hardware load, enabling encoding and feature
dimensionality reduction when bandwidth is insufficient, and migrating tasks in the
event of node failures. This scheme improves resource utilization by 20-30% and
reduces positioning interruption time by over 50% in node failure scenarios compared
to traditional solutions.

2. Related Work
2.1. Cooperative Positioning Technology for Drones

Although continuous, steady, and precise positioning is crucial for enabling au-
tonomous operation of robots and aircraft in complex environments [17]. The collaborative
positioning technology for drones, as a key research direction in the field of multi-agent
systems, achieves high-precision spatiotemporal localization of dynamic targets through
efficient interaction of perception information among multiple nodes and deep collab-
oration of computational resources. Compared to single-machine positioning systems,
this technology effectively overcomes inherent shortcomings such as limited perception
range, insufficient environmental adaptability, and weak fault tolerance, providing core
technical support for collaborative operations in complex scenarios [9]. Its technological
development has evolved from distributed independent decision-making to centralized
global optimization, and then to hybrid intelligent collaboration, reflecting the collabo-
rative innovation and development of sensor technology, communication protocols, and
intelligent algorithms.

2.1.1. Single Drone Positioning System

As the fundamental unit of a collaborative positioning network, the performance of a
standalone positioning system directly affects the reference accuracy of the collaborative
system. Currently, standalone positioning technology has gradually expanded from single-
sensor solutions to multi-source fusion solutions, with significant differences in adaptability
among different schemes in complex scenarios, which directly impacts the underlying data
quality of the collaborative positioning system.

In traditional standalone positioning schemes, the GNSS/IMU integrated navigation
architecture utilizes GNSS to provide absolute position references, while the IMU performs
trajectory estimation over short periods, forming a complementary positioning mode.
However, in urban occlusion scenarios (such as densely built city canyon areas), GNSS
signals are easily obstructed by buildings, leading to positioning interruptions. Multipath
effects can cause GNSS positioning errors to reach several tens of meters [18], while the
cumulative error of the IMU grows exponentially over time, typically exceeding 10% of the
traveled distance within 60 s. In marine fog scenarios, GNSS signals are interfered with by
atmospheric refraction, significantly reducing stability, and the cumulative error issue of
the IMU is further exacerbated, making it difficult to meet the requirements for long-term
continuous positioning [9].

The Visual SLAM-based positioning method constructs an environmental feature point
cloud using a sequence of images captured by a camera, achieving self-pose estimation
with centimeter to decimeter level positioning accuracy in GNSS-denied scenarios [19].
Mainstream algorithms such as ORB-SLAM3 enhance the robustness of positioning in
dynamic environments by fusing visual features with IMU data [9]. However, in marine
scenes with strong light reflections, the specular reflection from the water surface leads
to a severe loss of image texture information, resulting in a feature matching success rate
drop of over 70%. In unevenly lit environments such as urban shade or tunnels, the
number of extracted feature points decreases by more than 50%, and the computational
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complexity grows non-linearly with the map size, making it challenging to meet the real-
time operational demands of resource-constrained micro-drone platforms [20].

In recent years, significant progress has been made in non-visual sensor positioning
technology. Thermal imaging sensors utilize the temperature gradient difference between
the target and the background, maintaining a target detection rate of over 85% even in
low-light environments; however, their spatial resolution is relatively low (typically below
640 x 512 pixels), resulting in positioning accuracy of only 2-3 m. Millimeter-wave radar
has the capability to penetrate adverse weather conditions such as fog, rain, and dust,
providing distance measurement accuracy on the order of 0.5 m. However, its angular
resolution is usually below 5°, making precise positioning difficult in urban dense building
areas or nearshore monitoring scenarios [16].

Current mainstream multi-source fusion single-machine solutions (such as vision + IMU
+ radar, LiDAR + millimeter-wave radar + data link) significantly enhance adaptability
in complex environments by integrating the advantages of different sensors. In urban
environments with complex occlusions, visual sensors provide target texture features for
category recognition, IMUs can temporarily compensate for positioning deviations during
GNSS signal interruptions, and radar can penetrate building obstructions to provide target
distance information [21]. The positioning accuracy after fusion improves by 40-60%
compared to single solutions, effectively alleviating positioning challenges caused by
urban building occlusions and multipath effects. In marine environments with multiple
interferences, LIDAR can capture high-precision target contour information, millimeter-
wave radar can resist interference from sea wave clutter and fog/rain, and the data link
assists in correcting sensor synchronization deviations. After fusion, the positioning error
can be controlled within 1 m, addressing the performance shortcomings of single sensors
under strong light reflections and meteorological interferences in marine environments [22].

However, existing multi-source fusion schemes largely rely on manually set fixed
weight distributions for fusion results, making it difficult to dynamically adapt to changes
in scenarios (such as transitions from foggy to sunny conditions in the ocean, or differences
between peak and off-peak traffic in urban environments). Additionally, the computational
complexity of fusion is relatively high, with execution times on embedded platforms (such
as Raspberry Pi) often exceeding 200 milliseconds, which fails to meet real-time positioning
requirements and requires further optimization [23].

2.1.2. Multi-UAV Positioning System

Through multi-sensor fusion, we can make up for the shortcomings of single-machine
sensors [24]. Multi-Robot Cooperative Localization (MRCL), a pivotal technology in Multi-
Robot Cooperative Systems (MRCS), is gaining increasing popularity due to its enhanced
accuracy and robustness through information exchange and sharing [25]. The core of
the multi-drone collaborative positioning architecture lies in optimizing the design of
information exchange and decision-making mechanisms [8]. Currently, there are three
typical architectures. The centralized architecture adopts a “data upload—centralized
processing—instruction distribution” working mode, using a ground control station as the
central node to execute global optimization algorithms, such as the probabilistic fusion
framework proposed by Rudol et al [2]. This framework integrates multi-drone visual
detection results, controlling the positioning error within a range of 3 m in outdoor search
and rescue scenarios. However, this architecture has a single point of failure risk, and
the communication bandwidth requirement increases linearly with the number of drones.
When the number of nodes exceeds 8, the data transmission delay will exceed the 1-s
threshold, making it difficult to apply in densely clustered scenarios such as urban security
monitoring with more than 20 nodes.
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The distributed architecture implements decentralized decision-making based on
a peer-to-peer communication protocol, with each node achieving consensus filtering
through the exchange of local information. Taking the AirSwarm system as an example,
it utilizes Raspberry Pi as the edge computing unit and synchronizes multi-robot SLAM
results through the ROS topic mechanism. At a scale of 10 nodes, the system maintains a
response latency of 0.8 s. However, the distributed filtering algorithm of this architecture
struggles to eliminate cumulative errors, leading to a positioning drift of 5-8 m after
prolonged operation. In long-distance collaborative scenarios such as ocean monitoring
over 5 km, unstable communication links further exacerbate error accumulation, affecting
positioning accuracy.

The hybrid architecture combines the advantages of centralized and distributed archi-
tectures, employing a layered processing model of “edge computing + cloud optimization”:
drone nodes are responsible for local feature extraction and preliminary fusion, while
ground stations perform global pose optimization and consistency verification. This ar-
chitecture achieves a good balance between communication overhead and positioning
accuracy, enabling 0.5-m level positioning accuracy and a system latency of 1.2 s at a scale
of 20 nodes. It can address the local real-time computing needs in urban environments
with multiple occlusions, while also reducing error accumulation in long-distance marine
coordination through global optimization, making it the mainstream technical route for
large-scale drone swarm positioning.

Ultra-Wideband (UWB) provides absolute, drift-free positioning at the cost of re-
quiring external infrastructure. Conversely, vision and LiDAR systems generate detailed
relative odometry and maps but suffer from cumulative drift, a limitation shared by Inertial
Measurement Units (IMUs) which, despite providing high-frequency motion prediction,
drift rapidly. Consequently, sensor fusion methodologies, including Visual-Inertial Odome-
try (VIO) and UWB-aided LiDAR SLAM, have emerged to synergistically combine these
technologies. These methods effectively leverage absolute updates to eliminate drift and
integrate high-frequency data to ensure smooth output. Table 1 presents a detailed compar-
ative analysis.

Table 1. Performance Comparison of Visual, UWB, LIDAR, and Sensor Fusion for 2D/3D Positioning.

Robustness &

Technology Accuracy Range/Coverage Update Rate Environmental Sensitivity Scalability
Low. Highly sensitive to si iv[lﬁecdalrl:tm .rOR:ecgslil;es or
Visual Short (<10-20 m). Medium (10-30 Hz). lighting conditions (low & bot. I tp —robot lg p
(Monocular/ Medium-High Limited by field of Limited by light, glare), textureless rZI(;)sﬁr:c(;l‘nri()moro?/Zp
Stereo VO/ (cm-dm level) view and feature computational load of environments, and lability b tp ad
SLAM) quality. image processing. dynamic obstacles. Prone to scalablity but adds
drift over time communication
’ overhead.
Medium-High. Robust to High. The system is
RF interference and inherently scalable;
UWB (Ultra- Medium Long (up to Very High multipath in theory, but. ad@lqg more tags has
Wideband) (10-30 cm) under 100-200 m in LOS) (100-1000 Hz). performance can degrade in minimal impact on
good conditions. ' Low latency. dense NLOS infrastructure, though
(Non-Line-of-Sight) network congestion
conditions. can occur.
High. Robust to lighting Low-Medium. Each robot
. S conditions. Performance typically requires its own
Very High Medium-Long (up Medium-High can degrade in presence of LiDAR. Inter-robot loop
LIDAR to 100-200 m for (520 Hz for : . )
(cm-level) R . smoke, dust, rain, or highly  closure is complex. Dense
high-end models). 3D LiDAR). . . .
reflective/absorbent multi-robot environments

surfaces. can cause interference.
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Table 1. Cont.

Robustness &

Technology Accuracy Range/Coverage Update Rate Environmental Sensitivity Scalability
. High. IMU provides Very High. Mitigates Medium-High. Depends
Very High Depends on the hi individual sensor . .
F igh-rate data between on the fusion architecture.
Sensor Fusion (cm-level, often primary sensot rimary sensor weaknesses, e.g., IMU Centralized fusion
drift-free with (e.g., UWB range or P 4 counters visual drift; UWB

aiding sensors).

Visual range).

updates, smoothing the
output.

anchors prevent LIDAR

is complex; decentralized
is more scalable.

odometry drift.

2.2. Multimodal Data Fusion

Multimodal data fusion technology integrates complementary information from het-
erogeneous sensors to construct a more robust positioning model, essentially addressing
the differences in representation dimensions, spatiotemporal characteristics, and noise
distributions among different modal data. With the diversified development of sensor
technology, the fusion hierarchy has gradually expanded from traditional decision-level
fusion to encompass full-stack solutions that include feature-level and data-level fusion,
forming a multi-scale and multi-level fusion technology system [26].

In terms of fusion hierarchy and methods, data-level fusion directly processes raw
sensor data, preserving complete information. Taking visual-radar fusion as an example,
an association matrix is formed through camera extrinsic parameter calibration. This
method theoretically achieves optimal positioning accuracy but has high requirements
for sensor synchronization and calibration, with time synchronization errors needing to
be within 1 ms and spatial calibration errors not exceeding 0.5°. Otherwise, performance
degrades, and it demands significant computational resources, making real-time operation
on embedded platforms challenging [27]. Feature-level fusion extracts features from
various modalities to integrate information and is a research hotspot. Traditional methods
manually design features and combine Kalman filtering to estimate multimodal states,
resulting in low computational complexity but limited feature expressiveness, leading to a
decline in positioning accuracy of over 40% in dynamic scenes. Deep learning methods
automatically learn features, and cross-modal fusion networks can adaptively allocate
weights, improving positioning accuracy by 30% to 50% [28]. However, they rely on large-
scale labeled data and have computational demands 8 to 10 times greater than traditional
methods. Decision-level fusion integrates the decision results from various modalities and
has strong engineering practicality. For instance, the SFQ method analyzes positioning
results to determine fusion weights, providing stable outputs when there are significant
differences in sensor performance, with computational overhead only 1/5 that of feature-
level fusion. However, it is limited by the accuracy of single-modal decisions, making it
difficult to break through performance barriers.

Multimodal fusion faces core challenges that require an in-depth analysis of marine
search and rescue and urban security scenarios to support subsequent method design [29].
Modal heterogeneity is a central issue, as there are significant structural differences in visual,
millimeter-wave radar, and LiDAR data in marine scenarios, while urban scenarios face
data quality issues with visual images, radar, and laser point clouds, exacerbating fusion
difficulties. Temporal and spatial synchronization demands that multimodal data be strictly
aligned in terms of timestamps and spatial coordinate systems. In marine scenarios, factors
such as drone posture affect calibration errors and time synchronization, while in urban
scenarios, high-rise buildings obstruct and impact the accuracy of temporal and spatial
synchronization. The issue of environmental adaptability focuses on the robustness of
fusion in complex scenarios; in marine environments, wave clutter affects data quality, while
in urban settings, electromagnetic interference increases packet loss rates and matching
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error rates. Existing fusion methods lack adaptive adjustment mechanisms, making it
difficult to ensure positioning stability.

In response to the aforementioned challenges, existing solutions have made some
progress, such as the spatial projection method that converts 3D radar point clouds into
2D depth maps, the feature mapping method that uses kernel functions to project hetero-
geneous features into a unified high-dimensional space, and the tensor decomposition
method that directly processes multimodal tensor data to preserve modality correlations.
However, these methods experience an information loss of 15-30% in marine and urban
scenarios. For dynamic scenes, the time delay compensation algorithm based on extended
Kalman filtering can correct synchronization errors within 50 ms, and the spatial calibration
method based on SLAM can update sensor extrinsic in real-time to adapt to changes in
drone posture. Nevertheless, in marine environments with strong interference and complex
urban occlusions, achieving synchronization accuracy that meets high-precision positioning
requirements remains challenging. An adaptive weighting mechanism can dynamically
adjust the fusion coefficients based on sensor confidence levels, raising the radar weight
to above 0.8 in scenarios of visual failure. A multimodal switching strategy selects the
optimal sensor combination through a scene recognition model; for instance, activating
thermal imaging sensors in low-light environments can increase the positioning success
rate by 60%. However, existing strategies are often designed based on single scene features,
making it difficult to adapt to the complex environmental changes in marine and urban
settings, necessitating further optimization.

2.3. Dynamic Resource Optimization

Dynamic resource optimization technology is a core element for the efficient op-
eration of multi-drone collaborative positioning systems. Its essence lies in achieving
real-time and precise matching of task requirements and resource supply under the con-
straints of computational resources (CPU/GPU power) and communication resources
(bandwidth/latency) [30]. This technology integrates multidisciplinary theories such as
combinatorial optimization, game theory, and adaptive control to construct an integrated
solution for task scheduling and resource allocation, optimizing system resource configura-
tion from both computational and communication dimensions [31].

2.3.1. Optimization of Computing Resources

The core objective is to address the task allocation challenge across heterogeneous
hardware platforms, primarily achieved through two strategies: task offloading and algo-
rithm selection [32]. In terms of task offloading, the cloud-edge collaborative architecture
and edge computing each have their characteristics: the cloud-edge collaborative solution
offloads computation-intensive object detection tasks to cloud GPUs, resulting in a frame
rate increase of 3-5 times, but introduces a transmission delay of 200-500 ms, making it
difficult to meet real-time requirements; edge computing, on the other hand, offloads some
tasks to edge nodes such as Raspberry Pi, performing localized SLAM front-end processing
through the AirSwarm system, effectively reducing communication volume by 60% while
maintaining a processing speed of 15 fps [33]. The algorithm selection mechanism achieves
dynamic adaptation by establishing a mapping relationship between algorithms and com-
puting resources: the Rudol team constructs a performance database through offline testing,
selecting the SSD MobileNet v2 algorithm (30 fps, mAP 0.72) for the Intel NUC platform,
and deploying Faster R-CNN (15 fps, mAP 0.89) on the NVIDIA Tesla V100 platform; the
online adaptive strategy dynamically switches algorithms by real-time monitoring of CPU
utilization (threshold 70%) and task latency (threshold 100 ms), ensuring system stability
under fluctuating computing power scenarios [34].
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2.3.2. Communication Resource Optimization

The goal of communication resource optimization is to enhance data transmission effi-
ciency under limited bandwidth, primarily involving data compression and transmission
scheduling technologies [35]. In terms of data compression, H.265 video coding reduces
the bitrate by 50% compared to H.264 while maintaining 720 p resolution (ITU-T, 202X), al-
though it incurs a 5-10% loss in object detection accuracy. Feature compression technology
utilizes PCA to reduce a 1024-dimensional feature vector to 256 dimensions, achieving a
75% compression rate while retaining over 90% of the discriminative information, making
it suitable for feature-level fusion scenarios. Transmission scheduling strategies implement
dynamic bandwidth allocation based on data priority and link quality: the AirSwarm
system uses UDP to transmit high-priority control commands and positioning results,
while TCP is used for map data, automatically reducing image resolution when bandwidth
is insufficient; multi-channel multiplexing technology reduces data conflicts through fre-
quency band separation, lowering the packet loss rate from 15% to below 5% in a 10-node
scenario. The synergistic application of the aforementioned computational and communi-
cation resource optimization technologies significantly enhances the resource utilization
efficiency and operational stability of multi-drone collaborative positioning systems.

3. Research Methods
3.1. Overall Framework

The multi-drone collaborative target localization framework proposed in this study
is an integrated collaborative architecture that combines multimodal data processing,
dynamic resource scheduling, and localization result optimization. It aims to address
the issues of insufficient localization accuracy and low system resource utilization in
complex environments. As shown in Figure 1, its five core modules interact through
standardized interfaces and a closed-loop feedback mechanism, guaranteeing efficient and
stable operation.

Data Acquisition Multimodal Fusion Local Optimization
~ ~ )
\%/ { Convert | GPS Position
Visual Sensor ﬂ
" Modifed Backbone Network | — TmT e
o t \ - h
—) l odified Backbone Networ ) Orientation
Millimeter-Wave Radar
) H Video
! [ Modified Adaptation Layer W

Laser Scanner

Resource Optimization H ~Communication Module

Real-time o 97
« Resource
/' Awareness ) —pe
Resource | 2 ILP Scheduler — Model Swich [~ )

Monitor ) -

tectors sl

Figure 1. Overall Framework for Multi-Drone Cooperative Target Localization.

The data acquisition and preprocessing module provides foundational data for the
framework, obtaining raw data from multimodal sensors. It suppresses noise through
preprocessing, completes data time synchronization and spatial registration, and outputs
standardized heterogeneous data, while also providing references for resource scheduling.

The multimodal data fusion module is the core computing unit that integrates the
advantages of different modality sensors, receives standardized data, and completes feature
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extraction, fusion, and preliminary positioning based on resource adaptation strategies,
while feeding back relevant information and transmitting preliminary results.

The dynamic resource optimization allocation module regulates system resources,
achieving real-time matching of computing and communication resources. It constructs
model solutions by acquiring information from various nodes, issues scheduling instruc-
tions, and dynamically adjusts strategies.

The positioning result optimization and collaborative output module enhances po-
sitioning accuracy by receiving preliminary results, processing them through filtering
and collaborative verification, and outputting high-precision results, while also providing
feedback information to assist resource scheduling.

The collaborative control and communication interaction module serves as the link
for collaborative operation, running through the entire process to achieve pose synchro-
nization, data transmission, and command distribution, while establishing a fault-tolerant
mechanism to ensure system robustness.

Each module interacts through data feedback to form a whole, achieving high-
precision and high-efficiency collaborative target localization of multiple drones in complex
environments, addressing core challenges.

3.2. Multimodal Data Fusion Structure

The core objective of multimodal data fusion is to integrate the advantages of three
typical sensors: vision, radar, and laser scanning, to address the performance shortcomings
of a single modality in complex environments—such as the lack of robustness of visual
sensors in low-light or occluded scenarios, the low positioning accuracy of radar at close
range, and data loss in laser scanning under dense occlusion. As illustrated in Figure 2,
this framework follows a progressive logic, with each stage designed to closely align with
sensor application experiences and data processing strategies.

Visual RGB Image Input Layer LIDAR Paint Cloud
J Radar RDA Data
'S I's ™ N
Preprocessing (lllumination Preprocessing (CFAR Clutter Preprocessing (Outlier Removal,
ization, H or i Multipath Elimination) Voxelization)
o .3 J y
s I's ™ ™
Convert to 64x64x3 Feature Map — 3D Voxelization (64x64x64) —
Resize to 640x640 Compress to 3 Channels via 1x1 (Convert to 64x64x3 2D Feature Map
Convolution via 3D Convolution
. J
Modified Network +——

Modality Adaptation Layer

Object Detection Branch (Output
Bounding Boxes + Confidence, CloU|
Loss)

Feature Embedding Branch (Output
256-Dimensional Feature Vector,
Triplet Loss)

Figure 2. Multimodal Fusion Architecture for Heterogeneous Sensors.

3.2.1. Data Collection Phase

In the data collection phase, three types of complementary sensors are selected, with
the following configurations and characteristics: The visual sensor uses a high-definition
camera (e.g., DJI Zenmuse P1) to capture RGB images (resolution 1920 x 1080, frame rate
30 fps), suitable for identifying target appearance features, but it needs to address the
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issue of uneven lighting caused by strong light reflection from the ocean and shadows
from urban buildings; the millimeter-wave radar is a miniaturized airborne model (e.g.,
TI AWR1843), which outputs target distance, speed, and azimuth data (ranging from
0.2 m to 400 m, with an accuracy of +0.1 m), adaptable for all-weather (rain and fog) and
long-distance detection scenarios, focusing on handling multipath interference at close
range (<10 m); the laser scanner employs a low-cost solid-state LiDAR (e.g., Velodyne VLP-
16), generating 3D point clouds (point cloud density of 300 points/m?, ranging accuracy
of £2 cm), used for extracting target contours and depth information, while needing to
alleviate data voids under dense occlusions (e.g., between urban buildings). The dataset
comprises approximately 18,000 aligned visual, radar, and LiDAR samples. All data were
annotated through manual and semi-automated procedures, with labeled targets including
vehicles, pedestrians, and other objects. The dataset was randomly split into training,
validation, and test sets at a ratio of 70%/15%/15% to ensure unbiased evaluation. For
model training, we employed the Adam optimizer with an initial learning rate of 0.001
and used Smooth L1 Loss as the regression objective function. During data preprocessing,
domain-specific normalization was applied to all modal inputs: visual images underwent
mean subtraction and standard deviation normalization, while radar RDA matrices and
LiDAR voxel grids were subjected to min-max normalization to compress value ranges to
the interval (0, 1) thereby accelerating model convergence.

3.2.2. Preprocessing and Modal Adaptation

The preprocessing stage designs differentiated processes based on the noise charac-
teristics of different modalities: visual data employs the Multi-Scale Retinex with Color
Restoration (MSRCR) algorithm for illumination equalization, which demonstrates bet-
ter adaptability to strong light reflection scenarios in the ocean compared to Single-Scale
Retinex (SSR) and basic MSR. The specific parameter settings include Gaussian filter radii of
15, 80, and 250, with weight coefficients set to 1/3. Additionally, the H.265 video compres-
sion scheme is utilized (adaptively adjusting between bitrates of 500 kbps to 20 Mbps) to
achieve denoising and bandwidth adaptation. Radar data is processed using the Constant
False Alarm Rate (CFAR) algorithm to remove ground/ocean surface clutter, and multipath
reflection signals are eliminated based on Range-Doppler (RD) spectral analysis. Laser
point clouds are filtered using statistical methods to remove outliers and downsampled
to 100 points/m? using voxel grid filtering to reduce computational overhead. Simultane-
ously, time synchronization of the three modalities is achieved based on the drone’s GPS
timestamps (with an error of <1 ms). To address interference issues with GPS timestamps
in urban canyons and long-distance ocean scenarios, a UWB (Ultra-Wideband) ranging-
assisted time calibration scheme is implemented—calculating relative time differences
through the time of flight (TOF) of UWB signals between drone nodes, correcting GPS
timestamp deviations, and ensuring that the time synchronization error is stably controlled
within 5 ms. Spatial registration is completed using sensor intrinsic parameters (camera
focal length, radar field of view) to ensure that the data alignment accuracy meets the
requirements for subsequent fusion.

To fully exploit the discriminative features of various modalities, a three-level network
structure is constructed: “Modality Adaptation Layer-Shared Feature Layer-Task-Specific
Layer,” integrating the real-time advantages of CNN detectors (55D, Faster R-CNN) with
YOLOvV5. When considering inference speed and model compactness, YOLOV5 offers a
more favorable operating point. The Modality Adaptation Layer is designed with dedicated
conversion modules for different modality input formats: the visual modality directly in-
puts preprocessed RGB images (resized to 640 x 640, meeting YOLOV5 input requirements);
the radar modality converts Range-Doppler-Angle (RDA) data into a three-dimensional
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feature map of “Range-Angle-Intensity” (64 x 64 x 3), compressing the channel number to
3 through 1 x 1 convolution; the laser modality voxelizes the target point cloud clusters
(voxel size 0.1 m x 0.1 m x 0.1 m), generating a three-dimensional voxel feature map
(64 x 64 x 64), which is then transformed into a 2D feature map (64 x 64 x 3) through 3D
convolution, achieving dimensional consistency with the visual and radar feature maps.

3.2.3. Shared Feature Layer

The shared feature layer adopts a switchable backbone network architecture, achiev-
ing adaptive selection of multiple backbone networks through real-time feedback from a
dynamic resource optimization module. It encompasses four types of networks: CSPDark-
net53 (the native backbone of YOLOVb5s), ResNet-50, EfficientNet-B4, and MobileNetV3-
Large, and uniformly introduces a Cross-Modal Attention (CMA) mechanism to enhance
the ability to capture key features. Additionally, all backbone networks replace the con-
volution kernels in the 3rd, 5th, and 7th layers with Deformable Convolutions (DCNv2)
to adapt to target deformations, integrate the CMA module at the neck to dynamically
allocate modal contribution weights, and extend the output scales of the Feature Pyra-
mid Network (FPN) from 8 x 8 to 128 x 128 to improve small target detection accuracy.
The task-specific layer features a dual-branch structure for object detection and feature
embedding, utilizing CIoU loss function and Triplet Loss to optimize localization accu-
racy and feature discriminability. The performance characteristics of each network are as
follows: CSPDarknet53 balances detection speed and localization accuracy, suitable for
most balanced scenarios; ResNet-50 excels in feature extraction, suitable for high-precision
localization needs; EfficientNet-B4 offers superior parameter control while ensuring fea-
ture expression capability; MobileNetV3-Large is a lightweight architecture, reducing
computational load by over 60% compared to traditional networks, suitable for resource-
constrained scenarios. Cross-modal feature fusion, combined with attention mechanisms
and probabilistic models, enhances robustness. Following [36], first, During the training
phase, the confidence of each modality is calculated, where the visual modality confidence

Cyis = 0.6 xIOU+0.4 x (1 — maxirirr:frﬁeei?rt;;gyvam e) (IOU is the intersection over union of

the object detection candidate box and the ground truth box, image entropy reflects clarity,

and the maximum entropy value is taken as 8, the theoretical maximum at 256 grayscale

levels), radar modality confidence C,,q4 = 0.7 x SI\STIEEM +03x(1- mathﬁf;‘ﬁg;rargfe error)

(SNR is the signal-to-noise ratio of the radar echo, SNR_max is taken as 50 dB, and the max-

point cloud density
standard density

accuracy, where standard density is set at 300 points/m?, and the segmentation accu-

imum allowable distance is defined as Cj,3 = 0.5 x + 0.5x segmentation
racy is defined as the matching ratio between the laser point cloud and the ground-truth
target contour.

During inference, modality confidences are derived from temporal predictions to
avoid ground truth dependency: Cyjs uses the IoU between predicted boxes across frames,
Ciad is based on the consistency of predicted positions, and Cj,¢ relies on the alignment of
consecutive point cloud predictions.

The three types of confidence are normalized using the Softmax f modality are
weighted and summed according to their respective weights, followed by batch normaliza-
tion (Batch Norm) and ReLU activation function to enhance nonlinear expressiveness.

3.3. Dynamic Resource Optimization Allocation Algorithm

Dynamic resource optimization allocation aims to address the core issue of mismatched
computational and communication resources with task demands in multi-drone collabo-
rative positioning. By establishing an overall closed-loop mechanism, it achieves global
optimization of positioning model selection, data transmission strategies, and task loads,
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with a focus on ensuring hardware load balancing, efficient bandwidth utilization, and task
continuity in the event of node failures.

3.3.1. Resource Real-Time Awareness Mechanism

The real-time resource perception mechanism employs a distributed sensing frame-
work, utilizing ROS topic communication to collect the hardware status, communication
quality, and task requirements of drone nodes in real-time, providing a decision-making
basis for resource scheduling. In terms of computational resource perception, tools such as
htop and nvidia-smi are used to monitor the CPU usage (threshold set at 80%, exceeding
this is considered high load), GPU usage (threshold set at 75%), and memory usage (thresh-
old set at 90%) of onboard computing units (e.g., Jetson AGX Orin, Raspberry Pi 4B) in
real-time, quantifying the remaining computational resources. Additionally, the hardware
types (e.g., high-end: Intel Core i7-7567U + NVIDIA GTX 1070, low-end: ARM Cortex-
A72 of Raspberry Pi 4B) are recorded to provide a hardware basis for model adaptation.
Communication resource perception employs the “Round Trip Time (RTT)” method to
periodically measure the communication bandwidth between drones and between drones
and ground stations every second, while also calculating the packet loss rate (greater than
5% is deemed an unstable link) and transmission delay (greater than 100 ms is considered
high latency) over a 10-s period. Based on real-time bandwidth, data compression strategies
are pre-calculated (e.g., H.265 encoding with a compression ratio of 10:1 is enabled when
bandwidth < 5 Mbps; H.264 encoding with a compression ratio of 5:1 is enabled when
bandwidth > 10 Mbps) to prevent bandwidth overflow. Node status and task requirement
perception is monitored through a heartbeat mechanism to check the online status of drone
nodes; if three consecutive heartbeat packets are not received, the node is deemed faulty.
At the same time, the requirements for positioning tasks are analyzed, such as a positioning
accuracy of <1 m for maritime search and rescue and a delay of <200 ms for moving targets,
which are mapped to a “precision-real-time” priority (levels 1 to 5), with high-priority tasks
receiving resource allocation first.

3.3.2. Offline Model Library Construction

The offline model library construction (detector pool) conducts systematic testing of
the performance of various localization models on different hardware platforms in advance,
creating a multi-dimensional indexed model library to provide data support for online
model selection. The candidate model screening covers localization models with different
accuracy-resource consumption trade-offs, such as high-precision models like Faster R-
CNN ResNet-101 (suitable for resource-rich scenarios, such as ground stations or Jetson
AGX Orin); balanced models like YOLOV5s (adapted for medium-resource nodes, such
as drones equipped with Jetson Nano); and lightweight models like SSD MobileNet-v2
and YOLOvbn (targeted at resource-constrained nodes, such as drones equipped only with
Raspberry Pi 4B). Offline testing primarily evaluates the model’s detection performance
through two key metrics: Average Precision (AP@0.5, AP@0.5:0.95) and localization error
(mean and standard deviation). To ensure comprehensive validation, testing employs two
distinct dataset types: benchmark performance comparison uses standard datasets like
COCO-person to establish baseline performance and enable fair comparisons with existing
studies, while domain adaptation evaluation utilizes self-collected real-world datasets
containing various practical challenges that serve as the key basis for assessing the model’s
actual application performance. As well as resource consumption, where the CPU/GPU
usage, single-frame execution time (e.g., Faster R-CNN execution time on Raspberry
Pi > 500 ms, SSD MobileNet-v2 only requires 80 ms), and data output volume (e.g., Faster R-
CNN outputs a 1024-dimensional feature vector, SSD outputs 512 dimensions) are recorded
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Stereo Camera

on different hardware (Raspberry Pi 4B, Jetson AGX Orin, ground workstations). The
model library index stores the test results in a structured format of “hardware type-model
type—accuracy—resource consumption,” for example, “Raspberry Pi 4B-SSD MobileNet-v2-
AP@0.5=0.72-CPU usage 45%,” supporting fast online retrieval.

3.3.3. Online Dynamic Resource Allocation Strategy

As shown in Figure 3, the online dynamic resource allocation strategy is based on an
Integer Linear Programming (ILP) model, which integrates real-time resource awareness
results with model library data to achieve dynamic scheduling. The objective function aims
to minimize total system latency while ensuring efficient task execution. Constraints include
bandwidth availability, CPU load, and memory capacity to guarantee task execution under
various resource limitations. Specifically, the variable set encompasses task execution time,
resource consumption, and inter-task dependencies. To solve this problem, we utilized the
Gurobi solver with optimized configurations. The solving time was tested under different
load conditions, and results demonstrate that even under high loads, it remains within
an acceptable range, confirming the algorithm’s practical feasibility. In the experimental
validation phase, we conducted 10 repeated trials, recording bandwidth utilization, CPU
load, and task migration in each experiment. Additionally, a latency breakdown analysis
was performed to evaluate the impact of communication, computational load, and task
migration on system latency. Experimental results indicate that the proposed algorithm
achieves optimal resource utilization while maintaining low latency. In terms of hardware
load adaptation, if the CPU usage of a drone exceeds 80% (high load), a lightweight model
suitable for that hardware (e.g., switching the Raspberry Pi node to SSD MobileNet-v2)
is retrieved from the model library to reduce computational consumption; if the CPU
usage is below 30% (resource idle), it switches to a high-precision model (e.g., Faster R-
CNN) to enhance localization accuracy. For bandwidth optimization, if the communication
bandwidth is below 5 Mbps (low bandwidth), H.265 video compression (compression ratio
10:1) and feature vector dimensionality reduction (PCA reducing from 1024 dimensions
to 256 dimensions, retaining 90% of discriminative information) are enabled to decrease
data transmission volume; if the bandwidth exceeds 20 Mbps (sufficient resources), H.264
encoding (compression ratio 5:1) is employed to ensure the integrity of image details. For
fault task migration, when a drone node failure is detected (heartbeat packet interruption),
fault information is broadcasted via ROS topics, and the nearest idle node (based on
UWRB ranging, distance < 500 m) with CPU usage below 40% is retrieved to migrate the
localization tasks of the faulty node (e.g., target detection, data fusion) to that node, with
migration time controlled within 100 ms to ensure uninterrupted localization.
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3.4. Optimization of Positioning Results and Collaborative Output

As shown in Figure 4, the optimization of positioning results is centered on “high-
precision filtering + multi-drone collaborative verification.” It corrects nonlinear errors
through Extended Kalman Filtering (EKF) and combines a multi-drone collaborative verifi-
cation mechanism of “result association-weighted fusion—anomaly elimination” to elimi-
nate positioning deviations between nodes. Meanwhile, it utilizes Ultra-Wideband (UWB)
technology to correct the drone’s own posture, ensuring temporal and spatial alignment of
multi-drone data, ultimately generating a visual significance map.

UAV Surveilling GPS Position - -f
the Area (Lat,Lon,Alt) Position and
S Orientation of Camera
Camera Orientation . Marker Augmented
—_— (Quaternion) Render Video Frames 7 on ground
in AR World Space S
Video 3 S
(Frame) Unity World Space

Figure 4. Schematic Diagram of Recognition and Localization Output.

3.4.1. EKF Correction

Firstly, to address the nonlinear characteristics of multimodal fusion results, an EKF
model is constructed to achieve dynamic optimization of the target state (position, velocity),
providing high-precision foundational data for subsequent collaborative verification.

Firstly, to address the nonlinear characteristics of multimodal fusion results, an EKF
model is constructed to achieve dynamic optimization of the target state (position, velocity),
providing high-precision foundational data for subsequent collaborative verification. The
state vector x;, = [xk, Yk Zks vxk,vyk,vzk] T contains the target’s 3D position (x,y,z) and
velocity (vx, vy, v;); the measurement vector zy = [uy, Uk, %, Zix] T includes visual projection
coordinates (1, v with an error of 0.5 pixels), radar distance (r with an error of 0.1 m), and
laser depth (z; with an error of 0.05 m). In terms of the nonlinear measurement functions,
the visual projections are given by u = fy - (x/z) + ¢y and v = f, - (y/z) + ¢y (Where
fx, fy are the camera focal lengths, and cy, ¢, are the image centers), the radar distance is
r = /x> +y? 4 22, and the laser depth is z; = z. In the EKEF filtering process, during the
prediction phase, the state prediction value is calculated as X1 = F - X;_;x_; and the
covariance prediction value as Py = F- Py - F’ 4 Q (where F is the state transition
matrix and Q is the process noise matrix with diagonal elements [0.008, 0.008, 0.008, 0.0008,
0.0008, 0.0008]). During the update phase, the Jacobian matrix Hy is computed (by taking
the partial derivative of the measurement function at X;;_;), and the Kalman gain is
calculated as Ky = Py_1 - H] - (Hy-Pyi1-H] +R) ! where “R” is the measurement
noise matrix with diagonal elements [0.25,0.25,0.01,0.0025].The state is then updated as
Xk = Xee—1 + Kie - (zk — h(f(k‘k_1>) and the covariance as Py = (I — Ky - Hy) - Py,
outputting the filtered positioning results.

3.4.2. Multi-Drone Verification

As shown in Figure 5, the interaction and verification of positioning results among
multiple drone nodes eliminate single-point positioning deviations and ensure data consis-
tency across multiple drones. At the same time, UWB technology is introduced to correct
the drone’s own posture, ensuring temporal and spatial alignment of the data. In the
result association step, each drone employs image feature matching algorithms (SIFT or
ORB) to extract image features (such as SIFT feature points and ORB descriptors) from
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the detected target area, recording the position, scale, and orientation information of the
feature points. The FLANN matcher is used to calculate the matching degree of target
features among different drones (e.g., the number of matched feature points/total number
of feature points), with a similarity threshold set at 0.7; if the matching degree > 0.7, it
is determined to be the same target. Additionally, by combining UWB ranging between
drones (error < 10 cm) and GPS timestamps (synchronization error < 1 ms), mismatches
with excessive temporal and spatial distances (e.g., spatial distance > 1 m, time differ-
ence > 500 ms) are excluded, further enhancing association accuracy. During the weighted
fusion, the trace of the covariance matrix after EKF filtering, Tr(P{k I k}), is used as an
indicator to calculate the positioning credibility C; = 1/Tr(P;) (Where P; is the EKF covari-
ance matrix of the i-th drone); the smaller Tr(P), the more stable the positioning error and
the higher the credibility. The credibility is converted into normalized weights using the
%, “where “n” is the number of drones participating in the
fusion), satisfying” } w; p 1. Fir]lally, the target coordinates are obtained through weighted
calculations: Xfng = Y. W; - Xi, Yfinal = L. Wi - Yi, Zfinal = L W; - z; (Where x;,y;,z; are the po-
sitioning results of the i-th drone). Anomaly removal employs the Grubbs test (significance

Softmax function v; =

level a = 0.05); first, the mean p of the fusion results is calculated (e.g., mean in the x
X

n

direction u, = ) and the standard deviation ¢ (e.g., standard deviation in the x direction

Oy = Z(%’fx)z) and then the Grubbs statistic G = %j”*l is computed. The critical
value table for the Grubbs test is consulted (determined by n and «); if G > Geyitical valuer
the x_i is deemed an outlier and removed. After removing outliers, the credibility and
weights of the remaining drones are recalculated, and the weighted fusion step is repeated
until no outliers remain. In the UWB posture correction phase, the relative pose (roll,
pitch, yaw deviations) between drones is measured every 10 s using the UWB module and
compared with the ground truth (OptiTrack system, accuracy £0.1 mm) to determine the
posture error Af. OptiTrack system was exclusively used for benchmark testing and sensor
calibration in a controlled indoor environment. This occurred specifically during indoor
calibration/validation experiments. The IMU parameters and camera extrinsics of the
drones are then adjusted based on Af, keeping the posture error within 0.1° to avoid shifts
in the positioning coordinate system due to drone posture deviations, thereby ensuring
spatial consistency of the multi-drone data.
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Figure 5. Schematic of Collaborative Output.

3.4.3. Three-Dimensional Visualization

Finally, the positioning results after collaborative verification are converted into a
visualized 3D grid probability map, providing intuitive support for subsequent tasks such
as rescue path planning. A 3D grid with a resolution of 0.25 m x 0.25 m x 0.25 m is
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constructed to cover the monitored area, where each grid cell (voxel) stores the prob-

ability of target presence P. The grid probability is updated based on Bayes’ theorem:
P(VOXe1|Zl . k) — P(Zk‘VOXel)I;I(j(V)OXe”Zl:k_l)
Zk
(calculated from the EKF measurement residual, with smaller residuals indicating higher
likelihood). Grid cells with p > 0.7 are filtered as candidate target areas, and the Oc-

toMap tool is used to generate a 3D significance map, marking the target’s 3D coordinates

, where P(zy|voxel) is the measurement likelihood

X final, Y finals 2 final and confidence (1 — Tr(Pfipnqr) / Tr(Pax), where Tr( Pfinal) is the final EKF
covariance trace and Tr(Pyay) is the maximum allowable trace), which is exported in JSON
format to the ground control station (e.g., QGroundControl) to support real-time viewing
and task scheduling. 4 Experimental Design and Result Analysis

4. Experimental Design and Results
4.1. Experimental Platform and Environment Design

The construction of the experimental platform is a key aspect of the research on
multi-drone collaborative target localization technology, directly affecting the reliability
and practicality of the experimental results. The experimental platform consists of three
parts: hardware system, software framework, and scenario setup. The hardware selection
comprehensively considers classic configurations and engineering practical needs, while the
software is developed modularly based on the ROS architecture. The scenario design fully
covers typical complex environments for target localization, ensuring that the experimental
conditions are highly aligned with actual applications.

4.1.1. Hardware System

In terms of hardware systems, the drone swarm utilizes three DJI Matrice 300 RTK
drones, each equipped with a multimodal sensor suite. The visual sensor is the DJI Zenmuse
P1 full-frame camera (resolution 6016 x 4016, frame rate 20 fps, focal length 24 mm), which
supports RAW format image capture to cope with the strong light reflection environment
at sea. The millimeter-wave radar is the TI AWR1843 automotive radar (ranging from 0.2 m
to 400 m, ranging accuracy =+ 0.1 m, azimuth angle resolution 3°), mounted on a custom
bracket under the drone’s belly to avoid obstruction by the airframe. The laser scanner
is the Velodyne VLP-16 solid-state LiDAR (point cloud density 300 points/m?, ranging
accuracy =+ 2 cm, vertical field of view £ 15°), designed with a lightweight configuration
based on classic selection to control costs.

The configuration of the computing and communication module is as follows: each
drone is equipped with an NVIDIA Jetson AGX Orin (64GB RAM, 12-core ARM Cortex-
A78AE CPU, Reference Document 1) as the onboard computing unit, responsible for
real-time preprocessing and feature extraction of multimodal data; the ground control
center utilizes an Intel Core i9-13900K CPU + NVIDIA RTX 4090 GPU workstation for
resource scheduling optimization and fusion of positioning results; the communication
link employs a dual-link redundancy design of 4G + WiFi (WiFi follows the IEEE 802.11ac
protocol with a bandwidth of 1.3Gbps; 4G uses industrial-grade modules with a latency of
<50 ms), ensuring the stability of data transmission.

The truth value acquisition device uses a Trimble R12 GNSS RTK receiver (positioning
accuracy %+ 1 cm) to collect ground target truth values, recording the target’s 3D coordinates
at a frequency of 10 Hz. Simultaneously, an OptiTrack Motion Capture system (equipped
with 6 Prime 13 W cameras, positioning accuracy £0.1 mm) is used to record the UAV’s
pose for sensor extrinsic parameter calibration and localization deviation assessment.
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4.1.2. Software Framework

The software framework is developed based on the ROS Noetic architecture and is
divided into five layers: data acquisition layer, preprocessing layer, fusion layer, resource
scheduling layer, and result visualization layer. The data acquisition layer achieves multi-
sensor data synchronization (time synchronization error < 1 ms) through custom ROS
topics; the preprocessing layer integrates Retinex illumination equalization, CFAR radar
clutter suppression, and point cloud statistical filtering algorithms; the fusion layer imple-
ments improved YOLOVS5 feature extraction and cross-modal attention fusion; the resource
scheduling layer utilizes Google OR-Tools for ILP optimization solving; and the result
visualization layer employs RViz and OctoMap for real-time display of 3D saliency maps.

The experiment selects three types of benchmark algorithms for comparison: the first is
single visual localization (YOLOvV5 + EKF), which utilizes only visual camera data, detecting
targets through YOLOv5 and optimizing the localization results via EKF; the second
is resource-unoptimized multimodal localization (traditional weighted fusion + fixed
detector), which employs equal-weight fusion of visual, radar, and laser data, using Faster
R-CNN as a fixed detector without dynamic resource allocation; the third is distributed
collaborative localization (CCM-SLAM), which achieves distributed map construction and
localization based on monocular vision without introducing multimodal data.

4.1.3. Experimental Scenario Design

The experimental scenario design encompasses three typical environments, with pa-
rameter settings referenced from relevant literature and combined with practical application
needs. The marine search and rescue scenario is selected in the 2 km x 2 km sea area near
the Wanshan Islands in Zhuhai, Guangdong, featuring 5 stationary targets (simulating indi-
viduals who have fallen into the water, equipped with RTK locators) and 2 moving targets
(simulating drifting vessels, with speeds of 1-3 m/s). This scenario includes environmental
conditions such as bright sunlight (noon at 12:00, illumination intensity of 100,000 lux),
overcast weather (illumination intensity of 20,000 lux), and light fog (visibility of 500 m), to
test the algorithm’s performance under strong reflections, low light, and adverse weather
conditions. The urban occlusion scenario is selected from the Qianhai Free Trade Zone
building complex in Shenzhen (including 10 buildings ranging from 50 to 100 m in height),
setting up 8 stationary personnel targets simulating urban surveillance, distributed in
occluded positions such as building gaps, under tree shade, and at street intersections, to
test the algorithm’s robustness in densely occluded and multi-target overlapping scenarios.
The resource dynamic variation scenario is based on the marine search and rescue scenario,
dynamically adjusting WiFi link bandwidth (2 Mbps, 5 Mbps, 10 Mbps, 20 Mbps) and drone
computational load (simulating CPU loads of 30%, 60%, and 90%) to test the adaptability
of the resource dynamic allocation algorithm.

4.2. Experimental Indicators and Evaluation Methods

This study constructs a quantitative evaluation index system from three core dimen-
sions: positioning accuracy, resource utilization efficiency, and collaborative robustness, to
comprehensively and accurately characterize the overall performance of the algorithm in
complex scenarios.

In the experimental data processing, each scenario was repeated 10 times, with each
experiment lasting 30 min, resulting in the collection of approximately 18,000 frames
of target localization data. To ensure data validity and analysis accuracy, outliers were
removed using the Grubbs test (significance level o« = 0.05). A one-way ANOVA was
conducted to examine the differences in algorithm performance across different scenarios
(with a significance level set at 0.05), and Tukey’s HSD test was employed for post hoc
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multiple comparisons to determine whether the performance differences between the pro-
posed algorithm and the baseline algorithm were statistically significant. All experimental
data analysis was performed in Python 3.10.6, using the Pandas library (version 1.5.3) for
data processing, and the Matplotlib library (version 3.7.1) for visualization, ensuring the
intuitiveness and accuracy of the experimental results.

4.2.1. Positioning Accuracy

In the dimension of positioning accuracy evaluation, absolute positioning error
(APE), localization recall precision (LRP), and temporal consistency error (TCE) are
selected as core indicators. Absolute positioning error (APE) is measured by calcu-
lating the Euclidean distance between the algorithm’s output three-dimensional co-
ordinates (xpred, ypred,zpred) and the ground truth coordinates (xgt, Ygt, zgt) Obtained
through Real-Time Kinematic (RTK) differential technology, with the formula APE =

\/ (Xpred — Xgt)? + (Ypred — Ygt)* + (Zpred — Zgt)>. The mean (mAPE), standard deviation

(oapg), and maximum value (maxAPE) are statistically analyzed to quantitatively char-
acterize the concentration and stability of positioning accuracy. Localization recall preci-
sion (LRP) is evaluated by calculating the optimal LRP error (oLRP) and its components
(oLRPy,y, oOLRPgp, oLRPgy ), where oLRP,y = NLTP Y(1 —IoUj;) is used to represent local-
and deviation (Ntp is the number of true positive detections, and IoUj is the intersection;
over union for the i-th true positive detection), oOLRPpp = % represents the false positive
rate (Npp is the number of false positive detections, and Y is the detection set filtered
by confidence threshold s), and oLRPgN = % represents the false negative rate (Npy

is the number of false negative detections, and X is the ground truth target set). These
three components work together to provide a comprehensive evaluation of the algorithm’s
positioning accuracy and target detection completeness. Temporal consistency error (TCE)
is used to characterize the stability of positioning in dynamic target tracking scenarios,
with the calculation formula TCE =/ 11—0 Y19 (APE—mAPE)?, where APE; is the absolute
positioning error of the i-th frame in a continuous sequence of 10 frames, and mAPE is the
average absolute positioning error of that sequence. A smaller TCE value indicates that the
positioning results are more stable over time.

4.2.2. Resource Utilization Efficiency

In the dimension of resource utilization efficiency assessment, three indicators are
included: computing resource utilization rate, communication bandwidth utilization rate,
and detector switching efficiency. The computing resource utilization rate is quantified
by calculating the mean and peak values of the usage rates of the drone’s onboard central
processing unit (CPU) (Ucpyy), graphics processing unit (GPU) (Ugpyy, and random access
memory (RAM) (Ugrapm). The communication bandwidth utilization rate is assessed by cal-
culating the ratio of actual bandwidth consumption during data transmission (B,s.;) to the
maximum available bandwidth of the link (B;4y), represented as g = % X 100%. The
detector switching efficiency is evaluated by measuring the average time taken for detector
switching during resource dynamic adjustment (Tg;.;,), which includes the time taken for

task offloading, inference computation, and feedback transmission) and the switching suc-

Number of successful switches % 100
Total number of switches

of the real-time performance and reliability of the resource allocation algorithm.

cess rate (Rgywitch =

%) , enabling a quantitative assessment

4.2.3. Collaborative Robustness

In the dimension of collaborative robustness assessment, three indicators are used:
node failure recovery time (Tecover), multimodal failure adaptability (A,;pg4e1), and scenario
adaptability score (Sy44p). The node failure recovery time (Trecover) is characterized by
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simulating the failure of drone nodes (disconnection of communication links) and recording
the time taken for the remaining nodes to re-establish collaborative positioning, which
reflects the fault tolerance capability of the algorithm. Multimodal failure adaptability
(Ayodar) 1s quantified by separately shutting down visual, radar, and laser sensors, and
calculating the ratio of mAPE in single-modal failure scenarios to mAPE in normal scenarios,

P Esingle

m
expressed as Ap4, = mAPg__

normal

modal failures. The scenario adaptability score (S44p¢) is calculated for different scenarios

, thereby quantifying the algorithm’s adaptability to single-

such as marine, urban, and resource dynamic changes by computing the standardized
scores of mAPE, #p, and Trecover (ranging from 0 to 1), and then summing them with
weights of 0.4, 0.3, and 0.3, respectively. The formula is Syg,pr = 0.4 - %EEHH(E; +0.3-

np+03-(1— %) , where mAPE o is the actual mean absolute positioning error of
the scenario, mAPE,,;yis the maximum mean absolute positioning error of the baseline
scenario, and Ty, is the maximum node failure recovery time of the baseline scenario,
collectively representing the algorithm’s generalizability across different scenarios.

4.3. Experimental Results and Analysis

The experimental results are presented by categorizing them into different scenarios,
specifically analyzing the positioning accuracy, resource utilization efficiency, and collab-
orative robustness of the algorithm in marine search and rescue, urban occlusion, and
dynamic resource change scenarios. By comparing with baseline algorithms, the effec-
tiveness of multimodal fusion and dynamic resource optimization is validated. It should
be noted that the target application scenarios of this study—maritime search and rescue
(weak signal reflection over open water), urban occlusion (multipath effects caused by
dense structures), and dynamic resource variations (fluctuating computational loads)—
significantly exacerbate issues such as multipath effects, signal attenuation/occlusion,
and dynamic interference, which are the primary factors contributing to the increased
error. While existing studies achieving centimeter-level accuracy are typically conducted
in well-controlled environments with clear line-of-sight and minimal interference, our
system maintains a controllable level of error in real-world open scenarios, achieving an
acceptable balance among reliability, resource efficiency, and accuracy. Our work thus
provides a feasible solution for complex environments where traditional high-precision
technologies struggle to perform stably. In subsequent research, we will further narrow the
error margin in practical applications by optimizing sensor fusion strategies and dynamic
resource scheduling mechanisms. Additionally, the advantages and shortcomings of the
algorithm are analyzed in conjunction with experimental observations, providing direction
for future improvements.

4.3.1. Results of Marine Search and Rescue Scenario Experiments

The core challenge in marine search and rescue scenarios is the impact of strong light
reflection, low light conditions, and adverse weather on positioning accuracy. Experimental
results indicate that the proposed algorithm maintains high positioning accuracy under
various environmental conditions, significantly outperforming the baseline algorithms
(based on data from 10 repeated experiments, verified by t-tests, the performance differ-
ences between the proposed algorithm and each baseline algorithm meet the criterion of
p < 0.05, indicating statistical significance).

In terms of positioning accuracy, Table 2 presents a comparison of the positioning
accuracy metrics of various algorithms under different environmental conditions (experi-
mental conditions: 3 drones, 10 repeated experiments, each lasting 30 min). These results
are visualized for clarity in Figure 6. In sunny and bright scenarios, the algorithm proposed
in this study demonstrates outstanding performance, with a mean absolute positioning
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error (MAPE) of 0.32 m and a standard deviation of absolute positioning error (cAPE) of
0.08 m. Compared to the single visual positioning algorithm (mAPE = 0.85 m), the resource-
unoptimized multimodal positioning algorithm (mAPE = 0.51 m), and the CCM-SLAM
algorithm (mAPE = 0.67 m), the mAPE values are reduced by 62.4%, 37.3%, and 52.2%,
respectively. In low-light (overcast) scenarios, the mAPE of this algorithm is 0.38 m, still
maintaining a low level; in contrast, the mAPE of the single visual positioning algorithm sig-
nificantly rises to 1.12 m, primarily due to the effective compensation for the lack of visual
features under low-light conditions through the deep integration of radar and laser data in
this algorithm. In light fog scenarios, the mAPE of this algorithm is 0.45 m, outperforming
the resource-unoptimized multimodal positioning algorithm (mAPE = 0.68 m), thanks to
the dynamic resource allocation strategy that prioritizes radar detectors (average precision
@ 0.5 = 0.89), thereby minimizing the interference of foggy conditions on visual detection.

Table 2. Comparison of Positioning Accuracy Metrics of Various Algorithms in Marine Search and
Rescue Scenarios (3 Drones, 10 Repeated Experiments).

Environmental Conditions Algorithm mAPE (m) oAPE (m) maxAPE (m) oLRP
Sunny (Strong Light) Visual-only Localization 0.85 0.21 1.52 0.28
Multi-modal Loca.lhz.athn (w/o 0.51 015 0.98 021
Resource Optimization)
CCM-SLAM 0.67 0.18 1.23 0.25
Proposed Method 0.32 0.08 0.57 0.12
Cloudy (Low Light) Visual-only Localization 1.12 0.35 2.01 0.36
Multi-modal Loce}hz'atl().n (w/o 0.63 0.19 115 0.25
Resource Optimization)
CCM-SLAM 0.81 0.24 1.56 0.31
Proposed Method 0.38 0.11 0.69 0.15
Light Fog Visual-only Localization 1.35 0.42 2.37 041
Multi-modal Locz?hz.atlc?n (w/o 0.68 0.22 1.8 0.28
Resource Optimization)
CCM-SLAM 0.95 0.29 1.82 0.35
Proposed Method 0.45 0.14 0.83 0.18
—@— Visual-only Localization w/o Resource Optimization —&— CCM-SLAM —@— Proposed Method
Sunny (Strong Light) Cloudy (Low Light) Light Fog
1:5 2.0
2.0
1.5
o 10 ° 015
: 310 3
= > =10
0.5 /
\/\ 0.5 \/\’ 0.5 \/\’
mAPE  (m) o APE (m) maxAPE (m) oLRP mAPE  (m) o APE (m) maxAPE (m) olLRP mAPE  (m) OAPE (m)  maxAPE (m) oLRP

Figure 6. Performance Comparison of Algorithms for Marine Search and Rescue.

In terms of resource utilization efficiency, under sunny and bright conditions, the
proposed algorithm’s Ucpy average is 42%, Ugpy average is 38%, and Uranm average is
55%, all of which are lower than the multimodal localization without resource optimization
(Ucpu = 68%, Ugpyu = 59%, Uram = 72%). This is because the dynamic resource allocation
algorithm prioritizes the lightweight YOLOv5n detector (execution time 30 ms) based on
lighting conditions, rather than consistently using Faster R-CNN (execution time 263 ms).
The average communication bandwidth utilization #p is 45%, which is lower than that of
the multimodal localization without resource optimization (75 = 78%), as the algorithm
dynamically adjusts the video compression rate (H.265 compression ratio 10:1) based on
bandwidth, reducing data transmission volume. In terms of detector switching efficiency,
the proposed algorithm’s Ty ich average is 85 ms, with Rqyiich at 99%, enabling quick
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adaptation to change in lighting conditions (such as sudden changes in illumination caused
by cloud cover).

In terms of collaborative robustness, during the simulation of a drone failure (a total
of 10 failure simulation experiments), the proposed algorithm achieved Trecover = 2.3 s
(0 =0.3s), which is lower than that of CCM-SLAM (Tiecover = 5.7 s, 0 = 0.6 s). The t-test
showed p < 0.05, indicating a significant performance difference between the two, attributed
to the proposed algorithm’s basis in distributed resource scheduling, allowing remaining
nodes to quickly reallocate detection tasks. When a single modality fails, after shutting
down the visual sensor, the proposed algorithm’s mAPE = 0.62 m (Ap,p4q1 = 1.63); after
shutting down the radar sensor, mAPE = 0.51 m (A,oda1 = 1.34); and after shutting down the
laser sensor, mAPE = 0.43 m (Ay0d4a1 = 1.13), all outperforming the multimodal positioning
without resource optimization (Apoda1 = 2.18 after shutting down the visual sensor), thereby
validating the fault tolerance of multimodal fusion against single modality failures.

4.3.2. Experimental Results of Urban Occlusion Scenarios

The core challenge of urban occlusion scenarios is the positioning deviation caused by
building occlusion, overlapping multiple targets, and shadow interference. Experimental
results indicate that the proposed algorithm effectively addresses the positioning difficulties
in occluded scenarios through multimodal feature fusion and collaborative positioning
(based on data from 10 repeated experiments, the t-test confirmed that the performance
differences between the proposed algorithm and various baseline algorithms are statistically
significant with p < 0.05).

In terms of positioning accuracy, Table 3 compares the positioning accuracy met-
rics of various algorithms under urban occlusion scenarios (experimental conditions:
3 drones, 10 repeated experiments, each lasting 30 min), and the corresponding results
are depicted more intuitively in Figure 7. In the building gap occlusion scenario (target
located between two buildings, visual occlusion rate of 40%), the proposed algorithm
achieved mAPE = 0.35 m, which is a 72.4% reduction compared to single visual positioning
(mAPE = 1.27 m). The main reason is that the laser point cloud captured the contour fea-
tures of the target, while radar data provided distance information, compensating for the
feature loss caused by visual occlusion. In the shaded scene (uneven visual illumination,
target located in the shade), the proposed algorithm achieved mAPE = 0.39 m, outper-
forming resource-optimized multimodal positioning (mAPE = 0.65 m), as the cross-modal
attention mechanism enhanced the weight of radar and laser features. In the multi-target
overlapping scenario (3 targets partially overlapping in the visual image, overlap rate of
30%), the proposed algorithm achieved oLRPgp = 0.08 and oLRPgy = 0.05, which are lower
than those of CCM-SLAM (oLRPgp = 0.21, oLRPgy = 0.17). This is because multimodal
data provided richer target features, reducing false positives and missed detections.

In terms of collaborative robustness, the proposed algorithm achieves a scene adapt-
ability score of Sygapt = 0.87, which is higher than that of single visual localization
(Sadapt = 0.42), resource-free optimized multimodal localization (S;qapt = 0.65), and CCM-
SLAM (Sadapt = 0.58), indicating superior overall performance of the algorithm in urban
occlusion scenarios. Regarding node fault recovery, during simulations of two drone fail-
ures (a total of 10 fault simulation experiments), the proposed algorithm has a recovery
time of Trecover = 3.8 s (0 = 0.4 s) while maintaining an mAPE of 0.61 m. In contrast, CCM-
SLAM, due to the lack of multimodal data support, has a recovery time of Trecover = 8.5 s
(0 =0.8s) and an mAPE of 1.32 m. A t-test shows p < 0.05, indicating a significant perfor-
mance difference between the two, thereby validating the collaborative robustness of the
proposed algorithm.
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Table 3. Comparison of Positioning Accuracy Metrics of Various Algorithms under Urban Occlusion
Scenarios (3 Drones, 10 Repeated Experiments).

Occlusion Type

Algorithm mAPE (m) oAPE (m) oLRP_FP oLRP_FN

Building gap occlusion

Single Visual Localization 1.27 0.41 0.25 0.22
Multimodal Localization without

R 0.68 0.23 0.16 0.13
Resource Optimization
CCM-SLAM 0.92 0.31 0.21 0.17
Proposed Algorithm 0.35 0.10 0.09 0.06
Under tree shade Single Visual Localization 1.05 0.35 0.22 0.19
Multimodal Locah.zat.lon .w1thout 0.65 021 015 012
Resource Optimization
CCM-SLAM 0.87 0.28 0.19 0.15
Proposed Algorithm 0.39 0.12 0.08 0.05
Multi-target overlap Single Visual Localization 1.42 0.47 0.31 0.28
Multimodal Locah‘zat.lon .w1th0ut 075 026 018 015
Resource Optimization
CCM-SLAM 1.03 0.35 0.21 0.17
Proposed Algorithm 0.42 0.13 0.08 0.05
—8— Single Visual Localization Multimodal Localization without Resource Optimization —&— CCM-SLAM —@— Proposed Algorithm
Building gap occlusion Under tree shade Multi-target overlap

Value

0.00 0.0 0.0
mAPE  (m) o APE (m) oLRP_FP oLRP_FN mAPE  (m) o APE (m) oLRP_FP oLRP_FN mAPE  (m) o APE (m) oLRP_FP oLRP_FN

Figure 7. Performance Comparison of Algorithms for Urban Occlusion Positioning.

4.3.3. Experimental Results of Resource Dynamic Variation Scenarios

The core challenge of dynamic resource variation scenarios is the imbalance in re-
source allocation caused by fluctuations in communication bandwidth and changes in
computational load. Experimental results indicate that the proposed algorithm achieves
precise matching of resources to task requirements through dynamic resource optimization
(based on data from 10 repeated experiments, the performance differences between the
proposed algorithm and various benchmark algorithms were validated by t-tests, with all
differences satisfying p < 0.05, indicating statistical significance).

In terms of resource utilization efficiency analysis, Table 4 compares the resource
utilization efficiency indicators of various algorithms under dynamic resource variation
scenarios (experimental conditions: 3 drones, 10 repeated experiments, each lasting 30 min),
and the corresponding results are depicted more intuitively in Figure 8. In the low band-
width scenario of 2Mbps, the proposed algorithm achieves 775 = 82%, using the lightweight
SSD MobileNet-v2 detector (execution time 30 ms), with mAPE = 0.51 m. In contrast, the
resource-unoptimized multimodal localization, which relies on the fixed use of Faster R-
CNN, results in 775 = 120% (bandwidth overflow). To ensure data transmission, the system
automatically activates the packet loss retransmission mechanism, but approximately 15%
of packets are still lost, leading to incomplete localization data and an eventual mAPE of
0.89 m. Although localization results can be obtained, the accuracy significantly decreases.
In the high load scenario with CPU utilization at 90%, the proposed algorithm achieves
Ucpu = 88% by offloading some computational tasks to the ground control center, resulting
in mAPE = 0.43 m. Conversely, the resource-unoptimized multimodal localization suffers
from CPU overload, causing the detection frame rate to drop from 20 fps to 8 fps, with
mAPE = 0.76 m. In the resource-abundant scenario of 20Mbps bandwidth and 30% CPU
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load, the proposed algorithm selects the high-precision Faster R-CNN detector, achiev-
ing mAPE = 0.29 m, with resource utilization efficiency 55 = 35% and Ucpy = 45%, thus
balancing accuracy and efficiency.

Table 4. Comparison of Resource Utilization Efficiency Indicators of Various Algorithms under
Dynamic Resource Variation Scenarios (3 Drones, 10 Repeated Experiments).

Resource State Algorithm n_B (%) U_CPU (%) Detector Type mAPE (m)
Bandwidth 2 Mbps . . o
(Low Bandwidth) Single Visual Localization 95 62 YOLOv5s 0.98
Multimodal Localization
without Resource Optimization 120 78 Faster RCNN 089
CCM-SLAM 105 68 Monocular SLAM 1.05
Proposed Algorithm 82 48 SSD MobileNet-v2 0.51
CPU Load 90% . . o
(High Load) Single Visual Localization 75 95 YOLOv5n 1.12
Multimodal Localization
without Resource Optimization 88 100 Faster RCNN 076
CCM-SLAM 82 98 Monocular SLAM 1.23
Proposed Algorithm
(Task Migration) 72 88 YOLOvV5s 0.43
Bandwidth
20 Mbps + CPU Load 30% Single Visual Localization 32 45 YOLOVSI 0.65
(Sufficient Resources)
Multimodal Localization
without Resource Optimization 48 65 Faster R-CNN 041
CCM-SLAM 42 58 Monocular SLAM 0.72
Proposed Algorithm 35 45 Faster R-CNN 0.29

—8— Single Visual Localization Multimodal Localization without Resource Optimization —A— CCM-SLAM  —@— Proposed Algorithm

Bandwidth 20Mbps + CPU Load 30%

i Bandwidth 2Mbps (Low Bandwidth) CPU Load 90% (High Load) (Sufficient Resources)
100
60
100 .
0 75 o 60 0 40
= = =
S 50 2 4 =
20
25 \ 20
0 0 0
n_B %) U_CPU (%) mAPE  (m) n_B (%) U_CPU (%) mAPE  (m) n_B % U_CPU (%) mAPE  (m)

Figure 8. Performance Comparison of Algorithms in Dynamic Resource Utilization.

In terms of positioning accuracy and robustness, under dynamically changing re-
source scenarios, the proposed algorithm achieves an average mAPE of 0.41 m (o = 0.11 m),
which is lower than all benchmark algorithms. Additionally, cAPE = 0.11 m indicates that
the algorithm maintains stable positioning accuracy even during resource fluctuations.
The detector switching success rate Rgyitch is 99%, with a switching time Tgyicn of 85 ms
(o =12 ms), allowing for rapid adaptation to changes in resource status. The scene adapt-
ability score Syqapt is 0.91, higher than other scenarios, validating the effectiveness of the
dynamic resource optimization algorithm.

5. Conclusions

To address the challenges of low positioning accuracy and inefficient resource utiliza-
tion in collaborative target localization by unmanned aerial vehicles (UAVs) in complex
environments, this paper proposes a cooperative localization algorithm integrating multi-
modal fusion and dynamic resource optimization. A technical framework is established
under the theme of “multimodal data fusion—dynamic resource optimization—precise local-
ization output.”
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First, a standardized preprocessing workflow is designed to handle heterogeneous
data from visual, radar, and lidar sensors, achieving data synchronization and normaliza-
tion. Specific network layers are employed to extract modality-specific features, and an
attention-based fusion mechanism is introduced to overcome the limitations of individual
sensing modalities.

For resource optimization, the algorithm incorporates a real-time resource-aware
strategy combined with an offline-evaluated detector pool to select the optimal detector
and transmission path. An integer linear programming model is applied to dynamically
adjust the allocation of computational and communication resources, thereby reducing
bandwidth consumption and improving resource efficiency.

To ensure precise localization output, multimodal fused features are fed into an ex-
tended Kalman filter for state prediction and update, reducing temporal inconsistency
errors. A multi-UAV collaborative verification mechanism is further introduced to main-
tain consensus across the swarm. Finally, a 3D grid-based probability map is generated,
compatible with ground control station software, to provide localization support for down-
stream tasks.

A comparative analysis of related studies against our proposed framework is summa-
rized in Table 5. While prior research has made significant progress in specific areas—such
as low-cost system design [9], UAV-USV cooperation [4], and visual collaboration [2]—
several gaps remain prominent. Firstly, many studies rely on a limited set of homogeneous
sensors, which restricts their robustness in diverse and challenging environments like
marine or occluded urban settings. Secondly, the critical aspect of dynamic resource op-
timization under computational and communication constraints is largely unaddressed,
limiting the practical scalability of these systems. Furthermore, none of the cited works
incorporate a dedicated, multi-stage collaborative verification mechanism to ensure data
consistency and mitigate outlier effects among UAVs, which is crucial for high-integrity
positioning. Our study is designed to address these identified limitations comprehensively.

Table 5. Comparative Analysis of UAVs Cooperative Target Localization Approaches.

Multi-Stage

Study/Paper Core Methodology Sensor Type(s) Study A.rea and Test Localization Collaborative
Environment Accuracy e
Verification
Hierarchical control & Not explicitly
Lietal. [9] SLAM with COTS Vision, IMU Controlled /Outdoor quantified (focus on No
hardware. system feasibility)
UAV-USV visual data
Akram et al. [4] interaction for Vision, GNSS Marine <1.0m No
GNSS-denied localization.
. . . . Qualitative
Rudol et al. [2] Fusion of visual bdetectlon Vision Outdoor, partially improvement (40% No
results from multiple UAVs. occluded - )
efficiency gain)
Typical UWSB ranging for relative GNSS-denied 01
UWB-based [10] positioning. UWB, IMU Indoor/Outdoor 0-1-03m No
Multimodal fgsmn with Vision, LIDAR, Marine, Urban <0.5 m (mAPE); 45%  Yes (Data association,
Our Proposed CMA, dynamic resource d lusi . ducti iohted fusi
Method optimization, and Radar, UWB, Occlusion, Dynamic error reduction vs. EKF-weighted fusion,
. MU Resource Scenarios baseline Grubbs’ test)

multi-stage verification.

Experimental results demonstrate that the proposed algorithm effectively reduces
localization error and enhances resource utilization in complex environments. Theoreti-
cally, this study refines the framework for multimodal fusion and resource-aware UAV
cooperation. From an engineering perspective, the algorithm is implemented on low-cost
hardware using open-source frameworks, lowering the barrier to deployment and sup-
porting scalable applications. Future research will focus on further improving algorithmic
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performance and extending its applicability across domains, thereby contributing reliable
technical support for UAV swarm systems in challenging real-world scenarios.

Owing to the current limitations in experimental scale, the primary contribution of our
present work lies in establishing a feasible system architecture and a preliminary software
foundation for large-scale applications. Testing for network congestion, transmission
latency, and large-scale fault recovery are explicitly identified as key directions for our
future research.
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