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ABSTRACT: With the rapid development of unmanned aerial vehicle (UAV) technologies, simultaneous localization
and mapping (SLAM) has emerged as a key enabling paradigm for autonomous navigation and environmental
perception. This paper presents a comprehensive survey of recent trends in UAV-based SLAM. First, we review the
fundamental components of UAV-based SLAM systems, including commonly used onboard sensors and front-end
odometry methods such as visual odometry, visual-inertial odometry, and LiDAR-inertial odometry, which provide
reliable ego-motion estimation. Next, we summarize back-end methodologies that enhance estimation accuracy and
global consistency, covering pose graph optimization, 3D reconstruction techniques, filter-based SLAM, fusion-based
multi-UAV SLAM, and emerging blockchain-enabled frameworks for secure and distributed mapping. Furthermore,
representative application scenarios are discussed, including a newly proposed category of collaborative UAV-SLAM
platforms, termed the UAV-plus system. We also identify several remaining research gaps and highlight future
research directions, including observability challenges, operation in imperfect and dynamic environments, and the
miniaturization of UAV-based SLAM systems.

KEYWORDS: UAV-based SLAM; multi-UAV systems; distributed UAV-based SLAM; front-end odometry; pose graph
optimization; 3D reconstruction; sensor fusion; blockchain; back-end optimization

1 Introduction

With the rapid development of aerial robotic platforms and sensing technologies [1], unmanned aerial
vehicles (UAVs) have been increasingly deployed across a wide range of application domains, including
environmental monitoring, infrastructure inspection, precision agriculture, disaster response, and urban
management [2]. This widespread adoption has driven growing interest in more autonomous, robust, and
intelligent UAV systems. In many practical scenarios, UAVs are required to operate in complex and global
navigation satellite systems (GNSS)-denied environments, where GNSS is a general term referring to satellite-
based positioning systems, while GPS is the most widely used system in UAV-based SLAM applications [3].
Such as indoor spaces, urban, forests, and tunnels [3], where satellite-based positioning is often unreliable due
to occlusion and interference [4]. As a result, accurate self-localization and environment perception become
fundamental requirements for autonomous UAV operation. In this context, simultaneous localization and
mapping (SLAM) has emerged as a key enabling paradigm to address these challenges [5-8], and has become
a central research trend in UAV-based autonomous systems [9-12].

To enable reliable SLAM systems in real-world UAV applications, perception and motion estimation
must operate under stringent platform and environmental constraints [2,13-15]. UAV systems are inherently
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limited in payload, energy, and sensing range, while often deployed in dynamic, unstructured, and GNSS-
denied environments [3], which imposes fundamental challenges on sensing reliability and state estimation
accuracy [4]. In this context, the integration of heterogeneous sensors has become a necessary design
paradigm, as individual sensing modalities are insufficient to ensure robust perception across diverse
conditions [11,16]. Within the UAV-based SLAM pipeline, the front-end plays a central role in transforming
raw sensor measurements into motion constraints, directly affecting the stability and accuracy of the
overall system [17,18]. However, front-end estimation remains particularly sensitive to factors such as
feature degradation, motion blur, and aggressive platform dynamics, leading to error accumulation and
potential system failure [19,20]. These limitations have driven the evolution of UAV-based SLAM from single-
sensor perception toward tightly coupled multi-modal odometry frameworks [21], with increasing focus
on improving the resilience and adaptability of front-end estimation under adverse conditions, laying the
foundation for robust UAV navigation in complex real-world scenarios [11,22].

The front-end of UAV-based SLAM provides reliable local motion estimation from sensor measure-
ments, and achieves long-term accuracy and consistency requires integrating information across time and
space, while the back-end serves as a critical component that refines state estimation by incorporating
global constraints and performing consistent inference over accumulated observations [23-26]. In particular,
optimization-based approaches, such as pose graph optimization [20,27], have become fundamental tools
for mitigating drift and enforcing global geometric consistency [28], while also supporting high-quality
3D reconstruction for environment representation and downstream perception tasks [29,30]. In parallel,
the need to explicitly model uncertainty and nonlinear system dynamics has led to the development
of filtering-based SLAM frameworks [3,31,32], which provide recursive state estimation under noisy and
partially observable conditions [31]. As UAV-based SLAM systems evolve toward large-scale and cooper-
ative deployments, the role of the back-end has further expanded to multi-agent fusion and distributed
mapping [22,33,34], where maintaining estimation consistency under communication constraints becomes
a central challenge. More recently, the increasing deployment of networked and cooperative UAV systems
has introduced new requirements for data reliability and secure information sharing, motivating the
exploration of blockchain-enabled UAV-based SLAM frameworks [35,36], where local maps and sensory
data generated at the UAV end are securely recorded and verified through distributed blockchain ledgers,
enabling tamper-resistant data sharing and reliable map fusion at the server end.

Driven by the growing demand for autonomous perception in complex environments, UAV-based
SLAM systems are increasingly deployed in real-world applications. They are often operated in collab-
orative settings, as illustrated in Fig. 1d. In such UAV-plus paradigms [37-40], UAVs cooperate with
unmanned ground vehicles (UGVs) [40], unmanned underwater vehicles (UUVs) [37], and human oper-
ators to accomplish shared tasks, relying on continuous spatial information exchange for coordination
and decision-making. In addition, UAV-based SLAM systems are also deployed as standalone agents in
diverse real-world scenarios, including agriculture, infrastructure inspection, environmental monitoring,
and disaster response [2,41-44].

Although several surveys on SLAM and UAV navigation [2,4,45-47] have been reported in recent
years, most of them focus on certain aspects of UAV-based visual SLAM, for example semantic SLAM,
UAV mechanical architectures and control techniques. Recently, reference [47] have reviewed learning-based
feature extraction, loop detection, semantic segmentation, and neural scene representation in visual SLAM.
However, these surveys do not comprehensively discuss UAV-based SLAM from a systematic level. This
motivates us to provide a comprehensive review on topics from data sources (Topic A, Table 1) to front-
end odometry (Topic B, Table 1), and back-end optimization (Topic C, Table 1), multi-UAV collaboration
(Topic D, Table 1). In particular, emerging topics such as security-enabled SLAM (Topic E, Table 1) and
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the UAV-plus paradigm (Topic F, Table 1) remain largely unexplored in existing surveys. Their growing
importance further motivates this review.
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Figure 1: Schematic diagram of UAV-based SLAM platform.
Table 1: Comparison between this work and referenced UAV-SLAM survey papers.
Topics*
Surveys Ref. OPIcs Focus
A B C D E F

[4]-2015 v v Visual SLAM

[2]-2016 v v v Semantic SLAM
[46]-2022 v UAV mechanical structure
[45]-2023 v v RL-based SLAM**
[47]-2023 v v v DL-based SLAM***
This work v v v v v v Topics A~F

Note: *A: Sensors-based data sources; B: Front-end odometry; C: Back-end optimization; D: Multi-UAV collaboration;
E: Security-enabled SLAM; F: Applications. **RL: Reinforcement learning. ***DL: Deep learning.

Motivated by the aforementioned developments, this review provides a systematic survey of recent
advances in UAV-based SLAM systems, structured along the pipeline illustrated in Fig. 1. In addition, Fig. 2
presents a chronological overview of representative UAV-based SLAM technologies, highlighting the
progression from early monocular and visual SLAM frameworks to tightly coupled visual-inertial and
LiDAR-inertial fusion systems, as well as recent intelligent SLAM approaches. This survey primarily focuses
on representative UAV-based SLAM studies published in recent years, including both classical and emerging
frameworks related to visual, visual-inertial, LIDAR-inertial, collaborative, and learning-assisted SLAM
systems. The reviewed literature was collected from major scientific databases, including IEEE Xplore,
ScienceDirect, and Google Scholar, using keywords such as “UAV-SLAM”, “visual SLAM”, “VIO”, “L1IO’,
“multi-UAV SLAM”, and “UAV mapping”. Priority was given to highly relevant and influential studies closely
related to UAV autonomous navigation, perception, and mapping.



4 Comput Mater Contin. 2026;89(1):6

MSCKF (2007) [31] OKVIS (2015) [24] LIO-SAM (2020) [51] MU-BISE(2024) [54]
RGB-D SLAM (2012) [48] PTAM (2017) [50] EGO-Swarm (2021) [7] DeepUKF-VIN (2025) [55]
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LOAM (2014) [49] MonoSLAM (2017) [10] LVI-SAM (2022) [52]
ORB-SLAM (2015) [9] VINS-Mono (2018) [25] FAST-LIO2 (2022) [53]

Figure 2: Chronological development of UAV-based SLAM technologies [7,9,10,24,25,31,48-55].

The main contributions of this survey are summarized as follows: 1) A system-level taxonomy and
pipeline review of UAV-based SLAM systems is provided, covering sensors-based data sources, front-
end odometry, back-end optimization, and UAV-plus applications; 2) Emerging UAV-SLAM trends are
discussed, including 3D reconstruction, fusion-based multi-UAV SLAM, and a novel interesting security
(blockchain)-enabled SLAM systems; 3) A new application-oriented categorization, termed UAV-plus, is
introduced to summarize UAV-centered heterogeneous collaborative SLAM systems, together with emerging
societal UAV-SLAM applications. The remainder of this paper is organized as follows. Section 2 (corre-
sponding to Fig. 1a,b) presents the overall framework of UAV-based SLAM systems, including heterogeneous
sensing configurations and front-end odometry methods. This is followed by Section 3 (corresponding
to Fig. 1c), where back-end estimation and optimization techniques are examined, with particular emphasis
on pose graph optimization, 3D reconstruction, filter-based SLAM, fusion-based multi-UAV SLAM, and
blockchain-enabled UAV-based SLAM Methods. Section 4 (corresponding to Fig. 1d) highlights several
representative real-world applications such as UAV-plus collaborative systems as well as societal scenarios.
Finally, Section 5 summarizes the key insights and outlining several future research directions.

2 UAV-Based SLAM Systems

Building upon the background discussed in the previous section, this section introduces the key
components of UAV-based SLAM systems. In particular, we first review commonly used onboard sensors
for UAV platforms, followed by an overview of typical front-end odometry frameworks.

2.1 Sensors for UAV-Based SLAM Platforms

UAV platforms typically integrate multiple onboard sensors to acquire both motion and environmental
information for SLAM. These sensors either provide direct measurements of the UAV state or support
its reconstruction through indirect observations. To achieve accurate and robust state estimation, multi-
sensor fusion is widely adopted to compensate for the limitations of individual sensing modalities, as
illustrated in Fig. 3a. Among these sensors, the IMU serves as a fundamental component by providing
high-frequency measurements of angular velocity and linear acceleration [18], which are essential for
short-term motion propagation and dynamic state prediction. Based on this inertial estimate, the GPS
provides absolute position information in a global coordinate frame, while real-time kinematic (RTK) further
improves positioning accuracy through differential carrier-phase (CP) positioning with GNSS corrections.
The combination of IMU and GPS/RTK enables both high-rate motion estimation and globally consistent
localization in outdoor environments. However, in GPS-denied or degraded environments, exteroceptive
sensing becomes crucial for indirectly reconstructing the UAV state through interactions with the sur-
rounding environment. In such cases, cameras (including RGB-D and thermal cameras) provide rich visual
cues, including geometric features and semantic information, enabling environment perception in a manner
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analogous to human vision [25,48]. RGB-D cameras provide direct depth measurements for indoor and
short-range scenarios, while thermal cameras are less sensitive to illumination variations in night-time
and smoke-filled environments. To further enhance geometric consistency and robustness, LIDAR actively
scans the environment to generate accurate range measurements and dense point clouds, offering reliable
geometric structure for mapping and localization. When fused with high-frequency IMU measurements,
these sensors further refine motion estimation, constrain drift, and provide a more complete description of
the environment in complex scenarios [56]. As a complementary sensing source, ultra-wideband (UWB)
provides robust short-range relative positioning by radio frequency time-of-flight (ToF) and is particularly
useful in indoor or infrastructure-supported environments where global navigation signals are unreliable.
A qualitative comparison of the commonly used onboard sensors for UAV-based SLAM is summarized
in Fig. 3b, including their sensing characteristics, deployment cost, weight, power consumption, accuracy
ranges, operating environments, and practical limitations.
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Figure 3: (a): Typical UAV platform; (b): advantages and limitations of common onboard sensors [57].

In complex UAV application scenarios, the use of multiple sensors has proven effective in improving
estimation robustness and accuracy. Based on these onboard sensors in Fig. 3, several typical sensor
configurations (e.g., Camera-GPS-IMU, LiDAR-GPS-IMU, and Camera-LiDAR-IMU) have been widely
adopted in UAV-based SLAM systems, as shown in the Fig. la. For instance, Camera-GPS-IMU systems
combine camera and IMU measurements for motion estimation and navigation [31,55,58]. LIDAR-GPS-
IMU systems integrate LIDAR with IMU data to achieve accurate geometric perception and robust state
estimation [16,53,56]. Furthermore, Camera-LiDAR-IMU fusion frameworks exploit the complementary
characteristics of multiple sensing sources to enhance robustness and adaptability, particularly under highly
dynamic conditions and in perceptually degraded or GPS-denied environments [4,52]. These fusion strate-
gies improve front-end odometry performance in terms of accuracy, robustness, and long-term consistency.
With the onboard sensors providing raw measurements, the focus shifts to the processing of these data within
the front-end odometry for motion estimation, which will be discussed in the following subsection.

Neuromorphic vision sensors (including event camera) have recently emerged as a new class of
visual sensing devices, which continuously monitor scene illumination changes and output high-temporal-
resolution asynchronous neuromorphic signals, (such as spikes or events), making them suitable for
high-speed UAV motion and challenging illumination conditions [59]. In addition, radar sensors, especially
millimeter-wave radar, provide robust ranging and localization capabilities under adverse weather and
low-visibility conditions, thereby complementing vision-based sensing in UAV-based SLAM [60].

2.2 Front-End Odometry in UAV-Based SLAM

Front-end odometry plays a critical role in UAV-based SLAM systems, as it estimates the relative motion
of the platform based on sequential sensor measurements. From the perspective of sensor configuration
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and motion constraint modeling, UAV-based SLAM odometry methods can be broadly categorized into
three types: visual odometry (VO) [17,18], visual-inertial odometry (VIO) [9-11], and LiDAR-inertial odometry
(LIO) [16,53,56]. In the following, we will introduce each of these odometry methods in turn.

1)  VO:It estimates the ego-motion of a camera by tracking visual features across consecutive image frames
and recovering the relative pose through geometric constraints, such as geometry or reprojection error
minimization [61]. A typical VO pipeline consists of feature extraction, feature matching or tracking,
and motion estimation [17]. VO provides accurate short-term motion estimation with relatively low
computational cost [62]. However, in the absence of absolute scale and global reference constraints, it is
inherently susceptible to drift accumulation over time and suffers from scale ambiguity in monocular
settings [50]. These limitations become more evident in UAV applications, where rapid motion and
frequent viewpoint changes can degrade feature tracking reliability [18]. To address these issues, inertial
measurements are often incorporated with visual observations, giving rise to VIO systems.

2) VIO: To mitigate the drift and scale ambiguity of VO, inertial measurements are fused with visual
observations to form VIO systems, which provides accurate and high-frequency ego-motion estimation
by tightly coupling visual and inertial data. Early approaches such as MSCKF [31] achieve real-time
performance using a sliding-window formulation without explicitly estimating landmarks. More recent
methods adopt tightly-coupled nonlinear optimization, as demonstrated by open keyframe-based visual-
inertial SLAM (OKVIS), which formulates VIO as a keyframe-based nonlinear least-squares problem
for accurate real-time odometry, and VINS-Mono, which further enhances odometry robustness by
integrating loop closure. To improve long-term consistency and robustness beyond local odome-
try, the ORB-SLAM series [9-11] further integrates visual-inertial odometry into a unified SLAM
framework, with ORB-SLAM3 supporting multiple sensor configurations while maintaining consistent
long-term performance.

3) LIO: In a typical LIO framework, the IMU provides high-frequency state propagation, while LIDAR
measurements are used to perform scan matching or point cloud registration against local maps to
estimate relative motion. The fusion is often implemented in a tightly coupled framework, where
LiDAR geometric constraints are directly incorporated into filtering and optimization-based esti-
mators to correct drift accumulated during inertial propagation [53]. Compared with vision-based
methods, LIO utilizes explicit geometric structure from point clouds, making it less sensitive to
illumination changes and texture deficiency [51]. As a result, LIO demonstrates strong robustness in
challenging environments such as texture-poor scenes, low-light conditions, and large-scale outdoor
scenarios [16,49].

To summarize the characteristics of different front-end odometry approaches, Table 2 compares repre-
sentative VO, VIO, and LIO systems that have significantly influenced the development of UAV-based SLAM
in recent years, including both classical frameworks and recent tightly coupled multi-sensor approaches. The
comparison includes sensor configuration, scale observability, motion robustness, illumination sensitivity,
performance in texture-poor environments, drift characteristics, computational complexity, typical estima-
tion frameworks. Apart from the system-level comparison of VO, VIO, and LIO, the practical performance
of front-end odometry also depends heavily on several key implementation modules, including feature
extraction, feature tracking, data association, and robustness enhancement strategies.

2.3 Benchmark Datasets Evaluation Metrics

In this section, we compare five widely used benchmark datasets, including the indoor EuRoC
dataset [63] (stereo + IMU), indoor/outdoor environment TUM-VI [64] (camera + IMU), outdoor envi-
ronment KITTI [65] (camera + LiDAR), simulation environment AirSim [66] (synthetic multi-sensor), and
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large-scale industrial environment Hilti SLAM Challenge [67] (multi-sensor + LiDAR), from the perspec-
tives of sensor type, environment, and typical usage. Table 3 summarizes representative evaluation results
of VIO, VO, and LIO methods using commonly adopted metrics, including absolute trajectory error (ATE)-
RMSE, relative pose error (RPE)-RMSE, drift, runtime, and memory usage. These metrics jointly evaluate
global accuracy, local consistency, accumulated drift, computational efficiency, and onboard deployment
feasibility. As shown in Table 3, VO achieves lower trajectory errors on several visual benchmarks, such
as EuRoC, TUM-VI, and AirSim, but usually requires higher memory usage than VIO. In contrast, LIO
shows clear advantages on the Hilti industrial dataset, where LIDAR-based geometric constraints provide
more reliable localization in complex structured environments. These results further confirm that no single
method is universally optimal; instead, the selection of VO, VIO, or LIO should depend on sensing payload,
environmental texture, illumination conditions, motion intensity, and onboard computational resources.

Table 2: Comparison of VO, VIO, and LIO for UAV-based SLAM.

Categories VO VIO LIO
Sensor configuration Camera Camera + IMU LiDAR + IMU
Motion robustness Low Medium High
Sensitivity to illumination High High Low
Texture-poor scenes Poor Medium High
Drift characteristics High drift Moderate drift Low drift
Computational complexity Low Medium Medium-High
DSO [62], OKVIS [24], LIO-SAM [51],
Representative systems PTAM [50], VINS-Mono [25], FAST-LIO2 [53],
MSCKEF [31] ORB-SLAMS3 [11] Swarm-LIO [56]

Table 3: Comparison of VIO, VO, and LIO methods on different datasets.

ATE-RMSE (m) RPE-RMSE (m) Drift (m) Runtime (s) Memory Usage (MB)
VIO VO LIO* VIO VO LIO VIO VO LIO VIO VO LIO VIO VO LIO

EuRoC 0273 0110 N/A 0.016 0.008 N/A 0.069 0.066 N/A 199.0 2274 N/A 1001 6948 N/A
TUM-VI 1692 0.073 N/A 0.037 0.008 N/A 0.073 0.001 N/A 1529 3765 N/A 829 8101 N/A
KITTI 52.333 52.442 48524 1137 1138 1171 17348 17401 17435 692 78.7 72.3 80.4 6395 3504
AirSim 0527 0.015 N/A 0254 0.006 N/A 0.119 0.002 N/A 46.6 434 N/A 775 5612 N/A
Hilti 2759.2  N/A 011 8525 N/A 0.053 20.81 N/A 0.001 7917 22679 1762.6 N/A 5944 178.8

Dataset**

Note: *: VIO: Vins-fusion [25], VO: ORB-SLAM2 [10], LIO: FAST-LIO2 [53]; **: EuRoC: MH_01 (easy); TUM-
VI: room3; KITTI_Raw: 2011_09_26_drive_0093_sync; AirSim: tartanair-shibuya0l; Hilti SLAM Challenge (Hilti):
IC_Office_1.

Opverall, the front-end odometry provides local motion estimation from sequential sensor measure-
ments. However, long-term autonomous UAV operation requires globally consistent estimation and drift
correction, which motivates the development of back-end optimization and fusion frameworks.

3 Back-End for UAV-Based SLAM

Back-end plays a critical role in improving the global consistency and long-term accuracy of SLAM
systems. While front-end odometry provides local motion estimates. In the following, the SLAM back-end is
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reviewed from several perspectives, including pose graph optimization (PGO), 3D reconstruction, filter-based
SLAM, fusion-based multi-UAV SLAM, and blockchain-enabled UAV-based SLAM methods.

3.1 Pose Graph Optimization (PGO)

PGO estimates a set of UAV poses represented by (R;, t;),, where R; € SO(3) denotes the attitude
of the i-th pose and ¢; € R® denotes its position. The pose graph is defined as G = (V, £), where each node
i €V corresponds to a UAV pose and each edge (i, j) € £ represents a relative pose constraint obtained
from odometry or loop closure measurements. Let R;; € SO(3) and f;; € R* denote the measured relative
rotation and translation from pose i to pose j, respectively [20]. Mathematically, PGO can be formulated as
a maximum likelihood estimation (MLE) problem over the set of poses [68] as follows:

Problem 1: Given a pose graph G = (V,£) and relative pose measurements (R;;, tij)(i,j)ee> the objective of
PGO is to estimate the set of poses (R;, ;)N that best satisfies these relative constraints under measurement
noise. A typical formulation is given by:

i wk .
(R, t)Y, =arg min (wfjHRI(tj—m—tfjH§+—2” HR:Rj—RUHi), )
tieR (i,j)€&
R;eSO(d)

where the weights w! jand a)fj reflect the confidence of the translation and rotation constraints, respectively.

As shown in Problem 1, due to the non-convexity of the rotation group SO(d) [69], the PGO solution of
Problem 1 is a challenging non-convex problem. As a consequence, most existing approaches rely on various
relaxation strategies, including iterative SLAM optimization methods [70,71]. Although this type of methods
are efficient and widely adopted, they do not guarantee global convergence to the MLE solution. To address
this limitation, several works have explored global optimality verification and convex relaxation techniques.
For instance, reference [70] proposed a verification technique to assess whether a given 2D SLAM solution
is globally optimal. However, the back-end optimization in such systems is typically solved via iterative
nonlinear methods, which exhibit strong empirical performance but provide no guarantees on solution
quality. To bridge this gap, reference [72] showed that Lagrangian duality can be used to certify candidate
PGO solutions by computing tight lower bounds through convex programming, even when obtaining the
global optimum is intractable.

Another major challenge in PGO problems is robustness to outliers and mismodeled measurement
noise [20]. In particular, incorrect loop-closure constraints can cause catastrophic failures in least-square-
based SLAM. To mitigate this problem, reference [73] proposed a robust SLAM framework that jointly
estimates poses and measurement information matrices during optimization. Similarly, reference [74]
introduced an expectation maximization (EM) based robust pose-graph optimization method that detects
and reduces the influence of erroneous loop closures. Robust PGO methods have also been extended
to multi-robot scenarios. For example, reference [33] applied the EM framework to the localization of
the multi-UAV pose graph and the association of data without requiring prior knowledge of the initial
relative poses. Additional sensing information can further improve robustness. In [75], planar markers
were used to assist PGO and enhance the reliability of the systems. More recently, several works have
focused on improving the robustness and efficiency of PGO in large-scale SLAM systems. For instance,
reference [28] improved the robustness of PGO for SLAM by detecting and suppressing outlier loop-
closure constraints in the front-end. Building on this, reference [27] proposed a weighted multi-node joint
refinement strategy that further enhances robustness and accelerates back-end convergence. Furthermore,
reference [71] developed a quasi-Newton-based iteratively reweighted least squares method operating in the



Comput Mater Contin. 2026;89(1):6 9

Lie algebra of the 3D rotation group, enabling robust and efficient relative rotation averaging for large-scale
structure-from-motion applications.

3.2 3D Reconstruction

UAV-based SLAM technologies are often employed for 3D reconstruction of the surrounding environ-
ment. In classical computer vision literature, 3D reconstruction is generally understood as a recovery of the
three-dimensional structure of an object from a collection of multiple views [29]. To this end, multiple UAV's
first capture multi-view images from different viewpoints during flight to provide raw visual observations
of the scene, which are then processed in the front-end matching stage through feature extraction, feature
matching, and outlier rejection to establish reliable correspondences across views, and subsequently fed into
the back-end optimization stage, where camera poses are estimated and scene geometry is reconstructed via
triangulation to recover a sparse 3D point cloud, which is further refined through bundle adjustment and
PGO to improve global consistency, and finally used to generate a more complete 3D representation of the
environment, enabling dense or semi-dense reconstruction for downstream applications.

From a mathematical perspective [76,77], 3D reconstruction in SLAM relies on multi-view geometry
and pose consistency across observations. In this settings, the UAV pose defines the transformation between
the body frame {5} and the reference frame {Z}, while landmarks are represented in a global coordinate
system. The platform attitude can be recovered from vector measurements in both frames, where the
rotation matrix describes the nonlinear transformation between coordinate systems. However, ensuring
globally consistent pose estimation from multiple observations remains a challenging problem due to
noise accumulation and inconsistent pairwise measurements. To address this, reference [78] studied rigid-
motion synchronization (motion averaging) in the special Euclidean group SE(3), which is essential for
recovering globally consistent camera poses from multiple views. Meanwhile, to address the challenge of
UAYV visual reconstruction under low-light conditions, reference [79] developed a novel feature detector
that operates directly on image bursts, thereby enhancing reconstruction performance in extremely low-
light environments.

Based on accurate pose estimation and multi-view observations, UAV-based SLAM technologies can
reconstruct detailed 3D structures of complex environments. Such techniques have been widely applied in
infrastructure inspection [43], terrain mapping [80] and cultural heritage preservation [30]. For example,
reference [43] demonstrated that dense and high-fidelity 3D reconstructions generated from image data
can support precise condition assessment of large-scale infrastructure. Meanwhile, reference [80] showed
that integrating 3D reconstruction with terrain matching enables reliable pose estimation and environment
mapping for aerial platforms, even in GPS-denied scenarios. In particular, to address limited accessibility in
the digital documentation of large indoor historical structures, a cooperative UAV system for autonomous
exploration and documentation of the interior of buildings is proposed [30].

3.3 Filter-Based SLAM

As discussed in Section 2, the UAV-based SLAM systems typically rely on the fusion of heterogeneous
sensors. While the front-end focuses on sensor configuration and measurement generation, the back-end is
responsible for fusing these measurements within a unified estimation framework to improve accuracy and
robustness. In this context, filter-based SLAM has served as a representative paradigm for single-UAV multi-
sensor SLAM, aiming to combine complementary observations for reliable state estimation. Among these,
extended Kalman filter (EKF) type methods including multi-state constraint Kalman filter (MSCKF) [31]
have been widely adopted, which can achieve accurate and consistent visual-inertial state estimation by
maintaining a sliding window of camera poses [21]. To better capture nonlinear system dynamics, unscented
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Kalman filter (UKF) variants have also been explored. For instance, reference [3] proposed a quaternion-
based UKF for GPS-denied navigation, while reference [55] further incorporated deep learning to enhance
estimation performance in complex environments.

Instead of purely probabilistic filtering formulations, recent research has explored geometry-aware and
symmetry-preserving estimation frameworks for UAV-based visual SLAM. These approaches typically rely
on intrinsic system representations on Lie groups and exploit equivariance properties to design observers
with improved stability and consistency guarantees. For instance, reference [81] proposed a lifted observer
design by embedding the SLAM system into a higher-dimensional Lie group, where the system output is
equivariant. This formulation enables the construction of a nonlinear observer with almost semi-global
asymptotic stability by defining estimation errors in intrinsic coordinates, thereby avoiding reliance on local
linearization. Building upon this idea, references [76,77] further developed symmetry-preserving observer
designs that relax strong observability conditions and achieve almost global convergence. In addition,
references [82,83] introduced geometric stochastic filtering approaches for visual SLAM, further enriching
the theoretical foundation of state estimation. More recently, such geometry-based estimation frameworks
have been extended beyond pure state estimation toward integrated estimation and control. For example,
reference [32] proposed a hybrid attitude observer on SO(3) for multirate sensor fusion, and reference [84]
further incorporated this framework into closed-loop task-space control for robotic manipulation based on
visual SLAM.

3.4 Fusion-Based Multi-UAV SLAM

A key capability in multi-UAV autonomous systems is collaborative localization and mapping in chal-
lenging, partially unknown environments. By fusing information between among UAV’s, the performance of
individuals in the group can be significantly improved, allowing for cooperatively performing complicated
tasks in different domains including surveillance, search and rescue, and object manipulation [33,85].
However, in the context of data sharing among UAVs for multi-UAV association, maintaining estimation
consistency becomes a critical challenge, primarily due to the presence of unknown cross-correlations among
local estimates. To address this issue, covariance intersection (CI)-based sensor fusion methods [23,86] have
been widely used to address this problem. For example, reference [87] first introduced CI into SLAM within
a split covariance intersection (SCI)-SLAM framework to avoid maintaining full cross-correlations between
vehicle and landmark estimates. The method reduces computational complexity while ensuring consistency
under unknown correlations. Building on this idea, reference [19] proposed an observability Gramian-based
CI-SLAM framework, which performs offline optimizing fusion weights using observability metrics, thereby
less computing burden. Furthermore, when visual measurements become unreliable, SCI can be employed to
handle unknown correlations between model-based estimation and learning-based predictions [88], where
the learning component adopts a ResNet-18 architecture to predict the position and velocity dynamics.

Recently, multi-UAV SLAM systems have increasingly evolved toward distributed fusion frameworks,
in which distributed SLAM eliminates the need for a central coordinator, enabling each UAV to perform
perception, estimation, and planning locally, while exchanging compact information (e.g., poses or submaps)
with neighboring agents. For instance, Swarm-LIO [56] achieved fully distributed LiDAR-inertial odometry
through local ego-state estimation and inter-UAV exchange of mutual observations and state information,
whereas Swarm-LIO2 [16] further improves plug-and-play capability, scalability, and bandwidth efficiency
for large-scale aerial swarms. From a sensor fusion perspective, reference [89] proposed a decentralized
vehicle localization architecture based on SCI, where each agent propagates its state using local motion
measurements, and fuses relative observations and shared state information from neighboring vehicles.
Building upon the Rao-Blackwellized labeled multi-Bernoulli (LMB) [90] framework, reference [91] extended
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this paradigm to distributed multi-robot SLAM. Each agent performs local estimation while exchanging
probabilistic map representations with neighbors, enabling reliable data association and consistent global
mapping under communication constraints.

3.5 Blockchain-Enabled UAV-Based SLAM Methods

In distributed UAV-based SLAM scenarios, multi-UAVs simultaneously explore the environment and
exchange mapping information through wireless communication. As a result, issues such as data sharing,
distributed mapping, and system security have become increasingly critical. From a security perspective [45],
frequent data transmission over wireless channels exposes the system to threats such as eavesdropping,
malware injection, and replay attacks. Consequently, ensuring the security and trustworthiness of shared
data has become an urgent challenge in multi-UAV SLAM systems. Fortunately, blockchain technology [35]
provides a decentralized and tamper-resistant framework for secure map sharing and data integrity of
distributed multi-UAV SLAM by periodic legality verification and blocks hash registry. A typical blockchain-
enabled architecture for collaborative UAV-based SLAM is illustrated in Fig. 4 [12], which consists of the
UAV end, the blockchain network, and the server end. At the UAV end, multiple UAVs collect sensor data
and generate local maps, which are transmitted to the blockchain network for secure storage and verification
through hashing and timestamping. The validated data are then forwarded to the server end, where local
maps are optimized and fused into a globally consistent representation.

Collect &
Process
Collect &
Process
Collect &
Process

UAVs Local maps*

Security i Blocks  with

Periodiclegality
verification

* The photos used in
local maps and map
Jfusion are from the

EUROC dataset [63].

UAV End Blockchain Network Server End

Figure 4: Blockchain-enabled architecture between the UAV end and server end [12].

Several recent works presented an initial investigation into blockchain-based collaborative mapping
for multi-UAV systems. For example, references [35,92] explored blockchain-enabled frameworks for multi-
UAV systems, enabling secure and decentralized data sharing through distributed ledgers and smart
contracts, while improving coordination, scalability, and fault tolerance in large-scale applications. Refer-
ence [93] further provided a systematic guideline for fully autonomous multi-UAV teamwork using layer-2
blockchain, emphasizing secure data logging, trust management, and privacy-preserving collaboration for
reliable multi-UAV operations. More recently, a blockchain-based multi-UAV collaborative mapping frame
is initially explored in [54]. However, its encryption-heavy design posed computational bottlenecks and
increased node failure risks in resource constrained UAVs. To overcome these limitations, reference [12]
proposed a blockchain-based data security mechanism for multi-UAV visual SLAM systems, which shifts
symmetric encryption toward lightweight identity authentication and integrates distributed map data
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storage based on a one-way hash function with multi-source map fusion, providing a secure, efficient, and
SLAM-compatible solution for dynamic multi-UAV environments.

When blockchain mechanisms are introduced into UAV-SLAM, their limitations become more critical
because SLAM-related information, such as keyframes, local maps, loop-closure constraints, and state
estimates, must be exchanged and updated in a timely manner [94]. Frequent block generation, consensus
verification, cryptographic authentication, and ledger synchronization may increase communication latency,
computational load, and energy consumption, thereby affecting the real-time feasibility of collaborative
UAV-SLAM [95]. These observations suggest that blockchain should be integrated as a lightweight security
layer for selected map records, identity authentication, and integrity verification, rather than being directly
applied to the high-frequency SLAM estimation pipeline.

4 Applications

The back-end optimization techniques provide effective tools for deploying UAV-based SLAM systems
in complex real-world scenarios, which drives the systems increasingly integrated into various domains.
Several popular UAV-based SLAM frameworks (e.g., MSCKF, ORB-SLAM, Swarm-LIO and EGO-Swarm)
have been introduced in the preceding sections. In general, these methods are first validated using public
benchmark datasets or simulation environments, such as: 1) the EuRoC micro aerial vehicle datasets [63];
2) the TUM visual-inertial benchmark [64]; 3) the AirSim simulation platform, which is widely used for
developing and testing aerial Al algorithms [66]. Beyond those benchmark evaluations, validating algorithm
performance in real-world scenarios is equally important. Accordingly, the following sections focus on
several representative and innovative application scenarios to further demonstrate the popularity of the
UAV-based SLAM systems.

4.1 UAV-Plus: UAV-Based Collaborative SLAM

In order to facilitate more extensive multi-machine cooperation, recent research has extended UAV-
based SLAM systems to heterogeneous collaborative frameworks, where UAV's can operate jointly with other
intelligent platforms, such as UAV & unmanned underwater vehicle (UAV-UUV), UAV & unmanned ground
vehicle (UAV-UGV), UAV-Manipulator (UAV-M), and UAV-Human (UAV-H). In this survey, this kind of
plarform is termed as UAV-plus system, which enables complementary sensing and motion capabilities,
allowing complex tasks to be performed more efficiently in challenging environments.

4.1.1 UAV-UUV

The operation of a single type of unmanned system (e.g., UAVs, USVs, or UUVs) has often been
insufficient to accomplish complex tasks. Therefore, cross-domain cooperation has become a natural solution
for handling such challenges. For instance, with the assistance of unmanned surface vehicles (USVs),
UAVs have been able to land on USVs equipped with onboard recharging platforms, thereby effectively
extending their battery life and operational range [96]. Furthermore, to accomplish complex underwater
tasks, reference [37] has proposed a cooperative UAV-USV-UUV framework for underwater target hunting
by jointly optimizing the UAV’s position, the UUV’s trajectory, and their communication connectivity.

4.1.2 UAV-UGV

Efficient warehouse management relies on real-time inventory visibility, enabling accurate tracking
of stock levels, locations, and movements [40,97]. UAV-UGV collaboration leverages the complementary
capabilities of heterogeneous robotic systems, where UAVs are responsible for aerial perception and rapid
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inspection, while UGVs provide ground mobility, extended endurance, and system-level support. For
example, in traditional UAV-UGYV systems [97], wheeled UGVs act as mobile platforms that carry UAVs and
determine deployment locations, allowing UAVs to perform localized inspections while compensating for
their limited flight endurance. This cooperative strategy has effectively improved coverage efficiency under
resource constraints. However, wheeled UGV struggle to operate effectively in multi-level environments
and complex terrains, such as stairs and confined spaces. To address these limitations, recent works [40] have
extended this paradigm by introducing more versatile ground platforms, such as legged robots and robotic
dogs. Therefore, this transition from wheeled to legged UGV’ have significantly improved the applicability
of UAV-UGYV systems.

4.1.3 UAV-M

UAV-based aerial manipulation has imposed higher requirements on coordination among multiple
agents. Inspired by human dexterity, recent research has explored collaborative and perception-aware aerial
manipulation frameworks for grasping, maintenance, and aerial assembly tasks [98]. These platforms have
been capable of performing versatile grasping actions, such as palm gripping and fingertip pinching, as well
as executing complex operations including tree perching, door opening, object transportation, and human
interaction. Such UAV-based manipulators (UAV-M) have demonstrated agile and precise operation in
challenging scenarios such as disaster response and field applications [98]. Furthermore, successful outdoor
manipulation of a floating target by a UAV-M has also been achieved in [39]. In this context, UAV-M systems
have become a core component of a torch-relay platform during the Beijing 2022 Winter Olympics, where
they have cooperated autonomously with UGVs in ice and snow environments.

4.1.4 UAV-H

UAV-based SLAM system can also be applied to human-centered assistance tasks. For instance, systems
in which a human is physically (or wirelessly) connected to a UAV via a cable have been investigated
in [38,99]. Such applications are well suited for visually or hearing-impaired users or people in low-visibility
environments, overcoming the limitations of perception-dependent interaction from human. For example,
in [38], an admittance-based control approach inspired by flexible manipulator theory was proposed to
compute desired cable forces for guiding the human. However, this method relied solely on the robot state;
as a result, the guiding force tended to decrease with increasing human walking speed, which could lead
to unstable interaction and loose cable. To address this issue, reference [99] extended the framework by
incorporating human-state awareness, introducing human velocity feedback into the control loop, resulting
in more stable, continuous, and comfortable interaction in real-world assistive navigation scenarios.

4.2 Society Applications

UAV have been widely deployed across various societal applications, with particularly grow-
ing importance in agricultural monitoring and decision-making. Agricultural environments-particularly
orchards-pose significant challenges for UAV-based SLAM system due to complex spatial structures, irreg-
ular obstacle distributions, and large operational areas. These factors make reliable navigation and obstacle
avoidance essential. To address this, reference [8] extends conventional 2D path planning to realistic 3D
scenarios using an improved ant colony optimization algorithm, incorporating terrain variation, obstacle
distribution, and flight safety to enable safe and feasible UAV navigation. In addition, UAV-based robotic
systems have been further explored for sustainable agricultural applications, especially water resource
optimization. As noted in [41], traditional methods for assessing crop water status (e.g., stem water potential)
are labor-intensive and difficult to scale. To overcome this, integrated UAV-robotic systems combining
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sensing, planning, and automation enable efficient data collection and analysis, thereby improving irrigation
management and supporting sustainable agriculture.

Beyond agricultural applications, UAVs have also demonstrated substantial potential in civil engi-
neering and public safety. For example, in infrastructure inspection, reference [42] proposed a lightweight
attention-based convolutional network for UAV-based road damage detection, achieving a balance between
accuracy and real-time performance with strong generalization capability. In disaster response, refer-
ence [44] developed a fixed-time cooperative control strategy for multi-UAV systems to monitor the dynamic
spread of wildfires, enabling timely situational awareness and enhancing emergency response effectiveness.
In addition, when communication infrastructures are destroyed by disasters, UAVs can be employed to
perform immediate rescue missions in destroyed areas and assist data sharing for ground vehicles by a
lightweight UAV-assisted vehicular blockchain framework [36]. Moreover, in response to the COVID-19
pandemic, reference [92] presented a blockchain-enabled multi-UAV collaboration framework for large-
scale applications, such as door-to-door delivery, detecting and identifying infected cases, broadcasting news,
and monitoring people who break the quarantine rules in quarantined areas.

To provide a clearer comparison of representative application scenarios, Table 4 summarizes UAV-based
SLAM applications in terms of application domains, SLAM methods, sensors configuration, experimental
platforms, benefits, and limitations. Overall, UAV-based SLAM system has been extended from conventional
navigation and mapping toward heterogeneous collaboration in diverse domains, as summarized in Table 4.

Table 4: Summary of representative UAV-based SLAM application scenarios.

AII;I:) hn::it:;n SLAM Methods Sensors* Platforms Benefits Limitations
Communication
Deep Sonar. LIDAR UAV-USV-UUV, delay, lose-range

Q-learning [37], depth camera, (Le U:Z\)II_J GV Cross-platform I:)irc(iig ;[(l)?ln

UAV-plus tag-based [40], manipulator, g[gj AV- ’ heterogeneous motion ’

marker-based [98], force-cable . collaboration .

path-following [99] sensor manipulator, uncertainty and

UAV-human interaction

latency

. . Occlusion, and

Agriculture  Learning-based [41] Multispectral Orchards-UAYV, Low—e}liﬂtude illumination

sensor agility
changes
High-
Civil Learning- RGB-D camera, [ilr?sv-eliiissg’ resolution, Weak texture and
based [42] LiDAR p structural lighting variation
platform
assessment
. Blockchain
Healthcare Blockchain- Thermal camera Multi-UAV Secur.ed lifecycle
enabled [92] operation
management

Note: *: Common sensors such as traditional camera, IMU, and GNSS are used across four application domains.

5 Conclusion and Future Perspectives

With the rapid advancement of UAV technologies, UAV-based SLAM has become a fundamental
enabling paradigm for autonomous navigation and environmental perception. This review has presented a
systematic survey of recent developments in UAV-based SLAM from a system-level perspective, covering
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heterogeneous sensing and front-end odometry, back-end estimation and optimization, as well as emerging
multi-agent and application-driven frameworks. More importantly, this survey reveals several new trends in
UAV-based SLAM. At the system level, UAV-based SLAM is evolving toward tightly integrated multi-modal
sensing and front-end odometry frameworks to improve robustness under diverse operating conditions. At
the back-end level, estimation methods are increasingly focused on achieving global consistency, scalability,
and distributed multi-agent cooperation. At the application level, SLAM is progressively transitioning
from an isolated estimation module to a task-driven component that supports UAV-plus collaboration and
real-world deployment in complex scenarios.

Despite substantial progress in recent years, UAV-based SLAM systems still face significant challenges
when deployed in real-world, unstructured environments. Among these, estimation and control for increas-
ingly complex and tightly coupled UAV platforms remain a well-recognized difficulty; the reader is referred
to [46] for comprehensive surveys and detailed discussions. In the following, we instead highlight several
critical yet underexplored challenges in the existing literature:

1)  Observability issues. The UAV-based SLAM problem is fundamentally one of state estimation, and
as such, is inherently subject to observability limitations. Prior work [100] has shown that standard
2D planar, world-centric SLAM formulations with odometry and range-bearing measurements are
intrinsically unobservable in the absence of additional prior information, with observability attainable
only when sufficient absolute feature references are available. Furthermore, reference [76] establishes
a connection between uniform observability and persistency of excitation, highlighting the critical
role of sufficiently rich motion and informative measurements in ensuring consistent state estimation.
However, in practical UAV-based SLAM, these conditions are routinely violated by limited sensing,
constrained motion, and environmental uncertainty, leading to fundamental observability loss. Future
work should therefore augment observability using learned priors, structural or semantic constraints
(such as object categories, geometric regularities, and scene-level semantic cues), multi-sensor fusion,
and occasional external references to suppress unobservable modes and maintain consistent, drift-
bounded estimation.

2) Imperfect and dynamic environments. Imperfect and dynamic environments remain a fundamental
challenge for UAV-based SLAM systems. Unlike controlled settings, UAVs are typically deployed in
highly dynamic and unstructured scenarios, where assumptions of static scenes and ideal sensing
conditions are frequently violated [101]. In addition, UAV applications often involve challenging adverse
weather conditions, such as fog, rain, strong wind, low-light or nighttime environments encoun-
tered in delivery, mining, and ecological monitoring-where noise limited imagery further degrades
SLAM performance [44]. As a result, both environmental dynamics and sensing imperfections can
significantly impair localization and reconstruction accuracy, particularly over lifelong mapping [102].
Therefore, it calls for more effective robust UAV-SLAM methods that take into consideration of adverse
weather condition.

3)  Miniaturization. UAV-based SLAM platforms are increasingly trending toward miniaturization (com-
monly referred to as micro aerial vehicles (MAVs)) to enable agile operation in confined or complex
environments [5,103]. Recent efforts have explored lightweight perception, control, and navigation
strategies tailored to resource-constrained MAV platforms [104]. However, for MAVs with severely
limited payload capacity (typically <100 g), a fundamental limitation is the inability to accommodate
sensors capable of providing high-resolution metric depth, such as LiDAR or stereo cameras [61],
or batteries that support power demanding tasks, such as edge intelligence, federated learning,
privacy-preserving collaboration. Consequently, future research should focus on resource-aware UAV-
based SLAM frameworks that compensate for sensing and energy deficiencies using monocular cues,
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learning-based depth priors, or tightly coupled sensor fusion, while ensuring robust, accurate, and
real-time operation under strict onboard constraints.
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