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Abstract

With the rapid advancement of Artificial Intelligence (AI) and autonomous technologies,
intelligent robotics is spearheading a profound technological revolution, comprehensively
reshaping our way of life. Significant benefits from technological innovation have already
been realized across multiple domains, including autonomous driving, intelligent vehicles
for specialized scenarios (factories, mines, farms), and intelligent aerial robots.

Nevertheless, numerous open challenges remain to be addressed in the coming decades.
Examples include the ongoing paradigm shift in autonomous driving—from modular de-
sign to end-to-end approaches—and the realization of autonomous robot operation across
all terrains and throughout the full lifecycle. Amidst these challenges, burgeoning fields
such as Embodied AI, humanoid robotics, and aerial manipulation are rapidly emerging.

Despite the existence of diverse research directions in the field, intelligent perception
stands as the fundamental cornerstone of intelligent robot systems. Only with accurate
and robust intelligent perception capabilities can an intelligent robot system establish a
reliable foundation, thereby enabling the seamless execution of downstream tasks such as
motion planning and precise control. In this context, our research focuses on intelligent
perception tasks driven by multi-sensor fusion, which achieves centimeter-level translation
accuracy and sub-degree level rotation accuracy. We further extend our work to the
development of a multi-sensor-based Simultaneous Localization and Mapping (SLAM)
system, as well as the advancement of LiDAR Bundle Adjustment and hierarchical 3D
scene graph techniques. This research work encompasses four primary components:

• Multi-sensor Calibration Algorithms: Development of methods for accurately cali-
brating diverse sensors.

• SLAM Front-end: Implementation of the multi-sensor fusion SLAM system for on-
line pose estimation.

• LiDAR Bundle Adjustment for Accurate Geometric Mapping: Uncertainty-based
optimization techniques are applied to LiDAR data to improve the geometric accu-
racy of the constructed maps.
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• Hierarchical 3D Scene Graphs for Metric-Semantic Mapping: Construction of hier-
archical representations integrating geometric and semantic information within the
environment.

We employ Unmanned Aerial Vehicle (UAV) as the mobile platform, validating the
proposed system’s efficacy through two case studies while adapting it to the specific
characteristics of distinct application scenarios and tasks. The first application scenario
is intelligent vertical farming, and the second is bridge inspection.

In the vertical farming application, we monitor the growth status of crops (strawber-
ries) and perform 3D mapping and counting of strawberry blossoms and fruits. Build-
ing upon traditional geometric point cloud maps, we introduce three-dimensional Scene
Graph (3DSG) to manage semantic information across different levels of abstraction. By
co-optimizing parent and child nodes within the scene graph, our method achieves signif-
icantly enhanced fruit counting accuracy compared to conventional approaches.

In the bridge management application, we continue utilizing scene graphs to organize
semantic cues critical for bridge inspection and management tasks. Furthermore, tailored
to the structural characteristics of bridges, we incorporate corner points, edges, and planar
features into the LiDAR Bundle Adjustment (BA) process, which substantially improves
the precision of LiDAR mapping.

In conclusion, this study comprehensively demonstrates the considerable potential
of UAV-based intelligent inspection systems in agricultural and industrial applications,
encompassing sensor fusion, SLAM, semantic detection, 3D object estimation, and high-
level organizational structures for management purposes. By integrating AI components,
the system significantly enhances the effectiveness of UAVs in infrastructure inspection,
providing valuable insights for practitioners in agricultural monitoring and structural
health monitoring. Extensive simulations and real-world flight tests validate the system’s
efficacy, bringing the vision of intelligent inspection systems closer to reality and laying a
solid foundation for downstream tasks.

Keywords: Sensor Fusion, Intelligent Perception, SLAM, UAV Inspection System, 3D
Scene Graph, LiDAR Bundle Adjustment.
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Chapter 1

Introduction

UAVs have become a transformative inspection platform, outperforming ground ve-
hicles and legged robots in maneuverability, spatial accessibility, and efficiency. Capable
of navigating complex, hard-to-reach environments (e.g., agricultural [3], bridges [4], and
power grids [5] inspection, depicted in Fig. 1.1), UAVs provide an ideal solution for
large-scale, high-frequency non-destructive inspection, and the UAV inspection market is
growing steadily [6], as depicted in Fig. 1.1 (d). As the primary data acquisition tool in
modern inspection workflows, they seamlessly capture visual, thermal, and other multi-
sensory data, laying a solid foundation for subsequent data analysis. Advances in UAV
hardware (e.g., lightweight actuators and long-endurance batteries) and flight control sys-
tems have further expanded their inspection applicability, making them indispensable for
enhancing detection accuracy while cutting labor costs and mitigating safety risks.

In the UAV inspection stack, multi-sensor fusion is one of the bases for improving the
reliability and comprehensiveness of UAV inspection data. Integrating complementary
data from diverse sensors (RGB camera, thermal camera, LiDAR, etc.), Multi-sensor fu-
sion offsets single-sensor limitations like environmental interference, incomplete data, and
low accuracy. In inspections, it fuses spatial, spectral, and temporal information—e.g.,
merging LiDAR point clouds with RGB images for high-precision 3D models, or thermal
and visible light data to detect hidden defects. This process enriches data semantics and
boosts UAV robustness in complex environments (low light, harsh weather, clutter).

The rapid advancement of Simultaneous Localization and Mapping (SLAM) technolo-
gies underpins the autonomy of UAV inspection systems in GPS-denied scenarios, with
LiDAR Visual Inertial Odometry (LVIO) systems emerging as a pivotal technical break-
through. Unlike standalone SLAM such as VIO or LiDAR Inertial Odometry (LIO), LVIO
synergistically fuses LiDAR geometric data, RGB visual features, and IMU motion mea-
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(a) (b)

(c) (d)

Figure 1.1: Examples of UAVs in inspection tasks. (a) Agriculture inspection. (b) Bridge
inspection. (c) Power line inspection. (d) UAV inspection market size prediction.

surements to compensate for the inherent limitations of individual sensors—mitigating
LiDAR’s point cloud sparsity, overcoming visual SLAM’s susceptibility to extreme light-
ing, and reducing IMU’s drift accumulation. For UAV inspections, SLAM enables robust
onboard real-time localization and dense 3D mapping in unstructured environments (e.g.,
orchards), laying the foundation for autonomous path planning and target positioning.

The development of Spatial AI has further elevated the autonomy and intelligent op-
eration level of inspection UAVs. A closed-loop Spatial AI paradigm was proposed in [1],
ranging from an inner-loop SLAM module for motion control, through a medium-loop
module for path and trajectory planning, to an outer-loop semantic mapping module for
task planning. This integrated, holistic system is also applicable to UAV inspection tasks.
Under the core Spatial AI framework, diverse functional modules are unified into an or-
ganic whole. Specifically, the SLAM module provides odometry information and achieves
geometric understanding of scenes, while the Spatial AI module, based on SLAM out-
puts, endows the system with multi-dimensional scene understanding capabilities that
cover semantics, affordances, dynamics, and beyond. This synergistic mechanism forms
a closed loop with high-level decision-making modules (e.g., task planning modules), en-
abling users to issue high-level task commands to UAVs. The framework significantly
enhances the autonomy and intelligent decision-making capacity of inspection operations,
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serving as the core hardware-software bridge that translates fused multi-sensor data into
an actionable decision-making basis for high-performance UAV inspections.

Building upon this basis, this research commences with multi-sensor fusion in Chapter
3 and establishes a multi-sensor SLAM in Chapter 4. Building upon the front-end local-
ization, we developed LBA technology to optimize LiDAR mapping results in Chapter
5. Finally, we further extended the geometric mapping layer by introducing a 3DSG in
Chapter 6 to manage semantic objects at different levels of abstraction. The LiDAR Bun-
dle Adjustment (BA) technique was validated within the bridge inspection and mapping
application. And the 3DSG technology was employed for fruit counting and mapping,
validated within the intelligent vertical farming application. Finally, Chapter 7 concludes
the thesis by summarizing key lessons learned and outlining future research directions.

1.1 Motivation and Contribution

The pursuit of intelligent robotic perception in complex, unstructured environments is
driven by two complementary yet equally critical challenges. First, while individual sen-
sors excel at measuring specific physical properties—such as geometry, color, or tempera-
ture—true environmental understanding demands multimodal integration, akin to biolog-
ical perception in nature. This motivates our work on autonomous extrinsic calibration
and multimodal sensor fusion, enabling robust perception under diverse and challeng-
ing conditions. Second, mere geometric or low-level semantic data (e.g., isolated object
detections) remains insufficient for advanced robotic tasks such as manipulation or task
planning. As AI advances—particularly in open-world detection and vision-language mod-
els—the need emerges for structured, hierarchical semantic representations that encode
not only objects but also their relationships. Accordingly, we introduce scene graphs as
a foundational semantic mapping framework, tailored for agricultural and other dynamic
settings, to bridge the gap between low-level perception and high-level reasoning.

1.1.1 Autonomous Targetless Extrinsic Calibration for (Thermal)

Camera and LiDAR

Sensor fusion combining RGBD cameras, LiDAR, and thermal cameras significantly
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enhances robot perception, localization, and decision-making by providing complementary
visible light, depth, and temperature data. However, achieving effective fusion relies
critically on precise extrinsic calibration to align data from these diverse modalities. While
LiDAR-RGB and RGB-thermal calibration methods are relatively established, LiDAR-
thermal calibration remains particularly challenging and underexplored, hindering the full
utilization of thermal cameras in applications like service robots.

The core challenges stem from the difficulty in finding cross-modal correspondences
due to the fundamentally different data domains (visible light, specific IR wavelengths
for LiDAR, thermal radiation) and the complementary nature of the sensors (texture,
precise distance, temperature). Traditional target-based calibration is cumbersome and
impractical for potential recalibration needs caused by sensor movement. Furthermore,
the complexity of thermal imaging and the scarcity of dedicated robotics algorithms have
resulted in a severe lack of robust autonomous, targetless calibration methods specifically
for thermal cameras, especially for LiDAR-thermal pairs.

To address these challenges, we propose an autonomous and targetless calibration
framework for both LiDAR-RGB and LiDAR-thermal extrinsic calibration. This ap-
proach, believed to be the first of its kind for directly obtaining LiDAR-thermal extrinsics
without targets or manual intervention, leverages an analysis of thermal imaging principles
to develop novel thermal edge detection and cross-modal edge-matching algorithms. The
framework’s effectiveness was evaluated across various scenes for convergence, precision,
and accuracy.

1.1.2 FLiVIS

SLAM is essential for robot operation in unknown environments, such as UAV search
and rescue. Common systems utilize exteroceptive sensors (LiDAR or cameras) fused
with Inertial Measurement Unit (IMU) data, implemented as VIO, Stereo Visual Iner-
tial Odometry (SVIO), or LIO. However, single exteroceptive sensors often lack robust-
ness in challenging conditions (e.g., VIO fails under lighting changes, LIO degrades with
poor geometry). While recent LVIO approaches fuse cameras and LiDAR, filter-based
or optimization-based frameworks face high computational demands as data volume in-
creases, posing challenges for resource-constrained platforms like UAVs [7].

To address this, we propose a feedforward-feedback framework building on prior work
[8]. It leverages the complementary nature of IMU sensors: gyroscopes (accurate short-
term, low-frequency noise) and accelerometers (noisy short-term, accurate long-term). A
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complementary filter jointly processes IMU data for rotation prediction, while feedforward
and feedback mechanisms integrate LiDAR and visual measurements. This structure com-
bines Kalman filter advantages with decoupled models, providing better initial estimates
for faster convergence and improved accuracy in LiDAR-visual-inertial fusion [9].

The resulting system, Feedforward-feedback LiDAR Visual Inertial System (FLiVIS),
integrates a VIO subsystem (based on FLVIS [8]) and a LIO subsystem (based on Fast-
LIO2 [9]). Evaluated on the KITTI [10] and NTU VIRAL [11] datasets for autonomous
driving and UAV inspection, FLiVIS achieves accuracy comparable to state-of-the-art
systems while enabling real-time performance on resource-limited hardware.

1.1.3 LiDAR Bundle Adjustment

Contemporary robotic automation systems significantly enhance workplace safety and
efficiency in critical sectors like infrastructure inspection and urban security. Robots per-
form hazardous tasks (e.g., 24/7 patrols) and UAVs enable visual assessments, reducing
human risk and operational costs [12, 13]. These systems follow a standardized architec-
ture with four core modules: SLAM (typically LiDAR-inertial-camera fusion [14]), mo-
tion control (e.g., Model Predictive Control (MPC) [15]), path planning (sampling-based
algorithms [16]), and environmental perception (deep learning for sensor fusion [17], seg-
mentation [18]).

Despite progress, key limitations persist: (1) Noisy LiDAR mapping lacks precision for
applications like bridge management; (2) Geometric maps lack semantic layers for func-
tional understanding of specialized components; (3) Existing sim2real pipelines are unidi-
rectional, lacking reverse optimization. These deficiencies hinder high-precision structural
inspection and semantic-aware operation.

To address these challenges, we propose a hierarchical semantic SLAM framework
and bidirectional sim2real system. Key contributions include: (1) Structural Feature-
Enhanced LiDAR Bundle Adjustment incorporating primitives (corners/edges/planes) to
improve map consistency; (2) A Three-Layer Semantic Architecture: geometric (topology-
aware point clouds), structural (parametric component models via CAD matching), and
semantic (attribute fusion via 3DSG); (3) A Bidirectional Sim2Real Framework enabling
dual validation in Gazebo and physical bridge environments for full-coverage inspection.
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Figure 1.2: UAVs with different sizes and sensor configurations

1.1.4 Hierarchical 3D Scene Graph based Semantic-Metric SLAM

Under dual pressures of population growth and climate change, smart agriculture -
empowered by multimodal technologies (Large Language Model (LLM), robotics, Internet
of Things (IoT))—is reshaping production systems. This approach establishes a closed-
loop "perception-analysis-decision-execution" system, overcoming traditional agriculture’s
resource inefficiency while supporting sustainable development aligned with UN Sustain-
able Development Goals [19]. Our research focuses on autonomous intelligent vertical
farming, utilizing abundant urban structures (e.g., high-rises) in dense regions like Hong
Kong and Singapore, where systems integrate UAVs to autonomously regulate growth
parameters through perceptual feedback [20].

UAVs have evolved beyond operational tools into intelligent agricultural hubs, ad-
dressing infrastructure gaps via a "device-edge-cloud" architecture [21] that bridges farm-
digital connectivity [22]. They perform diverse tasks (seeding, mapping) using multimodal
sensors, with edge computing enabling agricultural knowledge graphs for AI decision-
making [23]. However, perception limitations hinder autonomy: SLAM generates se-
mantically deficient maps; 2D-focused detection fails to model 3D growth dynamics; and
current methods neglect biological-light coupling while struggling with orchard complex-
ities [24, 25].

To address these challenges, we propose a metric-semantic SLAM framework using
3DSG for plant inspection. This enables interpretable growth analysis and traceable
monitoring through multidimensional spatiotemporal representation. We systematically
analyze object estimation uncertainties across sensors (stereo/RGB-D/camera-LiDAR)
and model error propagation, validating effectiveness in simulations and real-world tests.
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Figure 1.3: Hierarchical Spatial AI-SLAM framework following [1]’s paradigm, comprising
calibration, localization, geometric and semantic mapping modules.

The framework integrates IoT-based mobile robotic perception with automated environ-
mental control, establishing a closed-loop smart vertical farming system for real-time crop
regulation. We also developed several UAV platforms with varying specifications to meet
the requirements of different application scenarios. As shown in Fig. 1.2, the drones
range in size from 3 inches to 15 inches, with takeoff weights between 250 grams and 2500
grams. These platforms are equipped with different sensors for different purposes.

1.2 Thesis Overview

From the perspective of the entire autonomous intelligent system, spatial AI extends the
geometric reasoning capability of SLAM by endowing it with concurrent semantic and
physical reasoning abilities [1]. Aligned with the paradigm established in The SLAM
Handbook, a seminal work in the field, our framework is structured hierarchically across
four core modules, as depicted in Fig.1.3. First, the calibration module in Chapter 3
furnishes essential extrinsic and intrinsic parameters for multi-sensor fusion within the
SLAM pipeline. Second, the SLAM module in Chapter 4, leveraging odometric measure-
ments as input, achieves low-level geometric understanding of the operating environment.
Third, building upon the geometric map generated by SLAM and LiDAR BA in Chap-
ter 5, the Spatial AI module integrates a suite of scene understanding components in
Chapter 6, encompassing semantic attributes and functional properties of environmental
entities. Finally, these multi-modal scene representations enable higher-level decision-
making modules (e.g., task planning and motion control) to form a closed-loop system,
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Figure 1.4: Thesis architecture

empowering users to specify abstract, high-level goals for the robot rather than low-level
motion commands.

Overall, this thesis contains 7 Chapters. This chapter (Chapter 1) mainly focuses on
introducing the background, motivation, and contribution of the research. Fig. 1.4 shows
more details about each individual module in this thesis, and the main objectives of the
following chapters are listed as follows:

• Chapter 2 systematically reviews the literature in terms of sensor fusion, localization,
semantic mapping, 3DSG and LiDAR BA.

• Chapter 3 introduces the autonomous targetless extrinsic calibration system for
RGB camera, thermal camera, and LiDAR sensors.

• Chapter 4 introduces the SLAM system - FLiVIS (LiDAR Stereo Visual Inertial
Pose Estimation Based on Feedforward and Feedbacks.

• Chapter 5 introduces uncertainty-based LiDAR Bundle Adjustment technology for
accurate bridge mapping and inspection.

• Chapter 6 introduces the hierarchical 3D scene graph based semantic-metric SLAM
for high-level inspection and management. Specifically, the system is validated by
plant inspection and fruit counting in an intelligent hydroponics system.

• Chapter 7 concludes the thesis by summarizing key lessons learned and outlining
future research directions.
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Chapter 2

Literature Review

In this chapter, we will conduct a comprehensive review of the relevant literature, follow-
ing the same structural sequence as presented in Chapter 1. First, Section 2.1 provides
an overview of various sensors and the core concepts of sensor fusion technology. Sec-
ond, Section 2.2 offers a focused review on the topic of simultaneous localization and
mapping (SLAM). Next, Section 2.3 first introduces LiDAR BA for pointcloud map op-
timization, then shifting to a holistic perspective to delve into the application research of
UAV inspection systems. Finally, Section 2.4 summarizes the metric and semantic map-
ping technologies associated with fruit counting and orchard management. This review
framework allows us to grasp the application background and inherent interconnections
of each technical module from a top-down perspective, rather than confining our focus to
specific techniques such as SLAM and path planning. However, this does not imply that
an in-depth examination of the technical details of these modules is trivial. On the con-
trary, we will elaborate on the technical principles and research progress of each module
in subsequent subsections. This balanced approach ensures a thorough understanding of
both the overarching framework and the intricate technical details of the research content.

2.1 Autonomous Extrinsic Calibration

Extrinsic calibration can be categorized based on various factors or characteristics. Two
factors, in particular, significantly influence the applicability and cost considerations [26]:
1) autonomous versus manual calibration; 2)calibration with or without a target [27].
Initially, the manual target-based approach was the most basic and commonly employed
method. However, the autonomous calibration method without the need for target pairs
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is highly sought after due to its cost-effectiveness and broader scene coverage, making it
the preferred choice. In this section, we conduct a literature review on sensor extrinsic
calibration from these two dimensions. In Section 2.1.1, we first review the calibration
of RGB-RGB and the calibration of LiDAR-RGB sensor calibration. In Section 2.1.2 we
review RGB-thermal and LiDAR-thermal sensor calibration.

2.1.1 RGB-RGB and LiDAR-RGB Sensor Calibration

As the most widely used and most similar sensor to human vision, the RGB camera
is intensively studied and best understood. For camera calibration, the most widely
applied method is the one developed by Zhang [28]. This method uses a checkerboard
with known size as a target and manually extracts features to obtain responses between
real-world and image points. Subsequent research has largely focused on improving and
extending Zhang’s method. Some researchers have provided more user-friendly GUIs [29]
to label the key points manually, while others have tried to develop better algorithms for
automatic checkerboard corner detection [30].

With the rapid development of autonomous driving in the past decade, the price of
LiDAR sensors has also dropped significantly [31]. As a 3D sensor, LiDAR is naturally
complementary to cameras, so there has been a lot of research on LiDAR-RGB calibra-
tion [32]. The development of LiDAR-RGB is also similar to camera calibration. In
the early days, target-based and manual methods were predominant [33]. Then some
researchers developed autonomous feature detection [34] feature matching [35]. Most re-
cently, autonomous targetless extrinsic calibration methods have drawn the attention of
the research community [36,37].

The main breakthroughs and innovations in calibration methods are in two areas:

1. towards autonomous feature detection;

2. towards generic scenes.

In the first domain, with the advancement of computer vision technology, automatic fea-
ture detection algorithms have continuously evolved, thereby simplifying the calibration
process. Simultaneously, these automatic detection algorithms have also enhanced the
precision when utilizing fixed calibration patterns [38]. In the second domain, feature
detection methods have expanded beyond the confines of checkerboards. Automatic de-
tection approaches for objects such as boxes [35], spheres [39], and other entities have
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been developed. Furthermore, methods for detecting people, skylines, or edge disconti-
nuities have also emerged [40]. Overall, the progress in this field is geared towards more
versatile features and increasingly automated and accurate feature detection. However,
these two factors somewhat impose constraints on each other since more general features
may result in reduced accuracy. To enhance accuracy and automation, the utilization of
more specific calibration targets becomes necessary.

In summary, the core process of these methods is:

1. Feature detection;

2. Feature matching;

3. Extrinsic solving.

Although there are also other schools of thought, such as information theory-based
methods [41], the most widely used, mature, and reliable technique, offering the high-
est accuracy, remains the aforementioned three-step process. From Zhang’s pioneering
method [28] to the present day, the variations among different techniques lie primarily in
whether features are manually or automatically extracted and whether these features are
obtained from artificially created targets or extracted from the surrounding environment.
As the pursuit of greater autonomy and universality in extrinsic calibration methods in-
tensifies, so does the challenge. Consequently, we speculate that the main direction of
development lies in autonomous-targetless calibration methods.

2.1.2 RGB(D)-thermal and LiDAR-thermal Sensor Calibration

There exists a scarcity of studies focused on the extrinsic calibration between thermal
cameras and other sensors; however, the calibration process bears similarities to that of
RGB cameras [42]. The use of calibration checkerboards is common in earlier researchers
[43]. Nonetheless, the creation of a checkerboard for thermal cameras poses challenges
due to the requirement of introducing a temperature difference onto the checkerboard,
which subsequently induces heat transfer, while the colored pattern remains fixed [44].
Numerous endeavors have been undertaken to devise reliable calibration patterns [45].
Nevertheless, the manufacturing of such patterns proves exceedingly laborious, thereby
impeding the widespread adoption of thermal cameras and their fusion with other types
of sensors.

11



Chapter 2. Literature Review

Following the standard pipeline of 1) feature extraction, 2) feature matching, and 3)
extrinsic solving, one of the main difficulties is to align thermal and visible or geometric
features by finding features in the environment. Lussier et al. [46] used the human body
as a target because the temperature of the human body is usually significantly different
from the ambient temperature. Recently, Fu et al. [47] used buildings to extract edges
and then used these edges for calibration.

While several attempts have been made to calibrate thermal cameras and LiDAR
sensors directly, no successful outcomes have been reported thus far. Fu et al. [47] have
made notable progress towards this objective, although the presence of relatively large
errors in their method can be attributed to the inherent blurriness of thermal images
when compared to colored images [48] and LiDAR point clouds are sparse. These fac-
tors present challenges for optimization algorithms, hindering their convergence and the
attainment of accurate results. In our research, we thoroughly analyze these factors and
propose solutions to mitigate their impact, potentially establishing the first autonomous
and targetless calibration method capable of directly calibrating thermal cameras, RGB
cameras, and LiDAR sensors. Table 2.1 provides an overview of the sensor modalities
and algorithmic limitations associated with various approaches for multi-modal extrinsic
parameter calibration.

Table 2.1: Comparison of Different Multi-modal Extrinsic Calibration Methods

Method LiDAR-RGB LiDAR-thermal auto targetless

Beltran’s [34] ✓ × ✓ ×
Yuan’s [36] ✓ × ✓ ✓
Fu’s [47] ✓ × ✓ ✓

Zhang’s [49] ✓ ✓ ✓ ×
Ours ✓ ✓ ✓ ✓

2.2 Online SLAM Systems

SLAM is the core technology for autonomous mobile systems to navigate unknown envi-
ronments, realizing real-time ego-pose estimation and local mapping. To compensate for
single-sensor limitations, sensor-fusion variants like VIO and LIO have been developed.
VIO fuses camera and IMU data, offering a cost-effective solution for texture-rich sce-
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narios such as AR/VR devices and lightweight UAVs. LIO integrates LiDAR geometric
data with IMU motion constraints, enhancing robustness against extreme lighting and
dynamic obstacles, thus suiting high-precision tasks like autonomous driving and field
robotics (e.g., orchard UAVs).

2.2.1 Visual(-Inertial) Odometry

Visual Simultaneous Localization and Mapping (V-SLAM) [50] has been widely applied
in robotics and AV/VR applications. With regard to different sensor properties, it has
evolved significantly with variations including Mono(monocular), stereo, and RGBD V-
SLAM. Notable systems such as PTAM [51], and ORB-SLAM [52] and DSO [53] and SVO
[54] have been developed in the past decade. Based on the extraction of feature points,
V-SLAM methodologies can be categorized into two distinct categories: feature-based
and direct methods. The feature-based approach [55] extracts salient feature points, a
process that can be computationally intensive and time-consuming. Conversely, the direct
method [56] circumvents the feature extraction step, focusing solely on the computation
of pixel gradients, thereby offering a more expedient solution. However, this efficiency
comes at the cost of increased susceptibility to failure.

A common enhancement across these systems is the fusion with IMU [57], which
has been observed to substantially improve the robustness of the SLAM system. This
improvement has been particularly beneficial for UAV navigation due to its lightweight
and robust nature, thereby broadening the scope of its applications. Significant VIO
systems are the Vins series [58], Openvins [59], MSCKF [60], and FLVIS [8].

2.2.2 LiDAR(-Inertial) Odometry

Previously, due to factors such as large size and high cost, LiDAR was primarily used
in vehicle autonomous driving, with less application in UAVs. However, in recent years,
with the advancement of LiDAR hardware technology [61] , its size has been continu-
ously reduced and the price has also decreased. Consequently, there are now examples
of LiDAR being used in UAVs [62]. This demonstrates the expanding applicability of
LiDAR technology in the field of UAVs.

The majority of existing LiDAR odometry methodologies encompass two primary
components: scan registration and mapping [63]. Scan registration is facilitated by the
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Iterative Closest Point (ICP) [64] or normal distribution transformation(NDT) [65] pro-
cess. The ICP process iteratively searches the K Nearest Neighbors (KNN) [66] to accom-
plish the registration of point cloud scans between consecutive frames, while the NDT
method directly matches the probability density function of the current scan to the last
scan or the map. Different from the scan registration step, mapping operates at a lower
frequency [67], registering newly added point clouds into the local map. This two-step
structure forms the backbone of contemporary LiDAR odometry systems, enabling effi-
cient spatial recognition and navigation.

The integration of IMU can significantly enhance the accuracy and robustness of
LiDAR odometry [9]. This is achieved by compensating for motion distortion in a LiDAR
scan and providing an optimal initial pose required for the ICP process. Recent ad-
vancements in LiDAR-inertial fusion have led to the development of more tightly coupled
systems that perform odometry within a compact local map [68] , composed of a fixed
number of recent LiDAR scans or keyframes. This scan-to-local-map registration typically
yields higher accuracy than scan-to-scan registration by utilizing more recent information.
For instance, LIO-SAM [69] requires a nine-axis IMU to generate attitude measurements
as a prior for scan registration within a small local map. Similarly, LINS [70] incorporates
a tightly coupled iterated Kalman filter and a robocentric formula into the LiDAR pose
optimization process. However, due to the small size of the local map used to achieve
real-time performance, the odometry tends to drift rapidly. This necessitates a low-rate
mapping process, such as map refining (as in LINS), sliding window joint optimization
(as in [71]), and factor graph smoothing (as in LIO-SAM [69]).

2.2.3 LiDAR-Visual-Inertial Odometry

The utilization of multiple sensors in LiDAR-Visual-Inertial SLAM systems enhances
their capability to navigate various challenging environments, even in instances where
one sensor fails or is partially degraded [72]. This advantage has motivated the devel-
opment of several LiDAR-Visual-Inertial SLAM systems within the research community,
demonstrating the adaptability and resilience of these systems in diverse environmen-
tal conditions. For instance, LIMO [73] utilizes depth information extracted from LiDAR
measurements for image features and estimates motion among keyframes using bundle ad-
justment. In contrast, R2LIVE [72] employs a different approach, extracting features from
both LiDAR and images and then conducting re-projection error within the framework of
an Iterated Error-State Kalman Filter. Notably, R2LIVE provides a tightly-coupled sys-
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tem for fusing LiDAR-Visual-Inertial sensors. In LVI-SAM [74], the accuracy of the VIO
is enhanced by extracting depth information of visual features using LiDAR measurement
data. Correspondingly, the LIO utilizes the estimates from VIS as initial values to aid in
scan matching. Loop closure is initially identified by VIO and further improved by LIO.
These diverse systems underscore the dynamic evolution and application of LiDAR-Visual
Inertial SLAM methodologies in the field.

Similar to VIO and LIO, most LVIO fuses data from different sensors by Kalman
filter-based [60] approach or optimization-based [75] approach. The Markov assumption
in the Kalman filter-based method makes it prone to failure in noisy data, while the
optimization-based methods are usually computationally costly [76].

In this work, we exploit the complementarity of IMU measurement [77] and fuse the
information from different sensors by feedforward and feedbacks. A better initial value is
fed into visual or LiDAR pose estimation in the pipeline, thus the system is lightweight
and robust. The main contributions of this work are listed as follows:

• A novel pose estimation framework that fuses the LiDAR visual and inertial mea-
surement through designed feedforward and feedbacks.

• Performance evaluation on both the KITTI autonomous driving dataset and NTU-
Viral UAV dataset. The benchmark evaluation results are comparable to the top-
ranked existing algorithms.

2.3 Optimizaed Mapping for Infrastructure Inspection

Based on UAVs

Traditional inspection tasks have relied heavily on manual labor, where damage to the
surfaces of buildings, bridges, or aircraft is assessed through visual observation [78]. This
process often involves accessing hard-to-reach areas, requiring ladders or workers to climb
ladders, which not only heightens the risk factor for workers but also escalates costs.

The advent and maturation of UAVs present a viable solution to these challenges,
allowing for the recording of hard-to-reach places, effectively replacing human eyes. At
this stage, UAVs used in inspection tasks are typically pilot-driven and serve as auxil-
iary tools in inspection tasks [79]. However, with technological advancements, drones are
now capable of detecting targets based on preset objectives within a known environment,
marking the emergence of semi-autonomous inspection systems. Considering the poten-
tial real-world applications, such as bridge inspection [80], building inspection [81], and
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aircraft inspection [82], one representative case is selected from each scenario for detailed
analysis. This approach ensures a comprehensive understanding of the capabilities and
limitations of UAVs in various inspection tasks.

2.3.1 Geometric SLAM

SLAM has been developing for several decades [13], and benefits from both hardware and
software improvements. In terms of hardware, it ranges from, IMU [58], LiDAR [83], and
Global Positioning System (GPS) to multi-sensor fusion [84]. The software is divided
into the front-end and the back-end. The front-end includes the processing of raw sensor
data, while the back-end optimizes the data processed by the front-end at a lower rate to
obtain better results. Kalman filter [85] and factor graph optimization [86] are common
technologies for back-end optimization. Overall, the advancements in both hardware and
software of metric SLAM have contributed to its increasing positioning accuracy and
widespread adoption.

Visual SLAM employs feature-based [87] or direct methods [88] for localization, with
monocular [58], stereo [8], and RGBD [89] variants. Feature-based approaches rely on
computationally intensive keypoint extraction, while direct methods prioritize efficiency
via pixel gradients but sacrifice robustness. Fusion with IMUs enhances reliability, en-
abling VIO systems like VINS-Mono [58] and OpenVINS [59], which is crucial for UAV
navigation. Similarly, LiDAR odometry utilizes scan registration (ICP/Normal Distribu-
tion Transformation (NDT)) and mapping, where IMU integration mitigates motion dis-
tortion and initializes pose estimation. Systems like LIO-SAM [90] leverage local maps and
factor graphs to address drift, though rapid error accumulation remains a challenge. LVIO
systems leverage cross-modal fusion to mitigate sensor degradation. R3LIVE++ [91] in-
tegrates LiDAR-visual data via Kalman filtering, while LVI-SAM [92] couples VIO with
LiDAR depth and LIO with visual constraints. These approaches—whether filter-based
(prone to Markov noise sensitivity) or optimization-driven (accuracy-computation trade-
offs)—highlight the robustness-efficiency balance in complex environments, advancing re-
silient autonomy through heterogeneous sensor fusion.
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2.3.2 LiDAR BA

The BA algorithm has a long history in geodesy, Computer Vision (CV), and visual-
SLAM, and it has been reinvented by researchers in different fields. We adopt the defi-
nition from [93]: the problem of refining a 3D reconstruction to produce jointly optimal
3D structure and viewing parameter (sensor pose) estimates. BA plays a fundamental
role in many vital tasks, such as Visual Odometry (VO) [94] [87], VIO [59] [8], and 3D
reconstruction [95]. Even though visual BA theory is mature, visual sensors are often
affected by environmental conditions, making it difficult to obtain accurate results. How-
ever, thanks to recent advancements in hardware technology and the decreasing cost of
LiDAR sensors, LBA research has gradually gained attention [96]. Nevertheless, LBA is
much less mature compared to visual BA.

The inherent sparsity of LiDAR point clouds imposes structural limitations on LBA,
precluding feature extraction mechanisms and cross-frame point-to-point correspondence
establishment—a foundational capability of visual BA. Consequently, established visual
BA paradigms exhibit limited applicability to LBA frameworks due to this fundamental
disparity in data modality constraints. In the literature, multi-frame ICP [97], which
is the most similar to LBA, can be mainly divided into two approaches. One approach
uses loop closure constraints to simultaneously optimize the poses of all frames, thereby
avoiding error accumulation and drift. This method is also used in LOAM systems, such
as [92], but it does not consider mapping consistency. Another approach continuously
estimates a virtual frame as a reference using the EM algorithm, methods in this category
include [97] and [98]. However, due to the computational cost, these methods cannot be
applied to large-scale LiDAR point clouds.

To enhance computational efficiency and improve feature matching fidelity, researchers
commonly restrict LBA to planar or edge features within point clouds, these features are
adopted by [99], BALM [100], and BALM2 [96]. A critical component in these methods
is the point cluster abstraction. While effective in structured environments, such feature
selection strategies degrade markedly in unstructured settings. To address this limita-
tion, recent advances focus on enforcing mapping consistency through point cloud curve
fitting, relaxing rigid geometric constraints to incorporate generalized curved surfaces
(PSS-BA [101]), and semantic cues are also applied for better feature association [102].
However, most existing methods rely on implicit cost function minimization, seldom in-
corporating explicit uncertainty-aware feature representation. While sufficient for ge-
ometric mapping fidelity, this paradigm inadequately addresses higher-level autonomy
requirements and poses integration challenges for semantic-aware systems tasked with
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infrastructure inspection and management.

2.3.3 Autonomous Inspection System Based on UAVs

Autonomous Building Inspection System Based on UAVs

Gao et al. [103] have addressed the tasks of indoor inspection and scene reconstruction
in two steps. They proposed an efficient and safe "explore-then-exploit" system that can
be easily deployed in any scenario without any initial understanding of the environment.
They introduced a novel two-step SLAM method for the explore-then-exploit system,
where LiDAR SLAM Fast-lio2 [9] and visual SLAM VINS [58] are integrated, providing
robust positioning and 3D map information for two types of drones. They also proposed
a coverage path planning algorithm for inspection tasks, specifically the furthest point
sampling algorithm is used to generate viewpoints. This guarantees the coverage of the
target area and the safety of the viewpoint while considering flight efficiency to achieve
the shortest flight path.

The entire system can operate fully automatically without the need for human inter-
vention. However, their selection settings for the detected targets are somewhat naive,
merely setting bounding boxes at different coordinates, and the coordinates of the bound-
ing boxes also need to be known in advance. This assumption is reasonable for known
buildings, but it is not applicable for targets such as bridges [80] and power lines [104]
that are difficult to fix within a bounding box, or for aircraft [82] of different sizes in a
hangar.

Autonomous Bridge Inspection System Based on UAVs

The application scenario of this paper is infrastructure inspection. From a system-wide
perspective, aerial inspection systems are widely used in scenarios such as bridges [105],
power lines [106], buildings [107], and industrial facilities [108]. The commonality among
these scenarios is that they are all difficult or hazardous areas that require remote in-
spection. Important modules include SLAM [13], full coverage path planning [109], and
perception, such as defect detection [17] and semantic segmentation [105]. This paper
mainly focuses on the SLAM and perception subsystems. We first introduce works that
focus on geometric SLAM, including different sensors such as IMU, RGB, and LiDAR
sensors [84], and different algorithms such as various feature-based front-ends [110], and
filter-based or optimization-based back-ends [8]. In this section, we introduce related
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work about traditional geometric SLAM in 2.3.1, and subsequently discuss LiDAR BA
for better mapping results in 2.3.2.

Autonomous Aircraft Inspection System Based on UAVs

The traditional method of aircraft inspection involves manual labor, where inspectors
walk around the aircraft, use work ladders, and climb ropes to approach the inspection
area. The main method of inspection is visual, with handheld devices used for key areas.
The disadvantages of this method are its high difficulty, slow speed, low coverage, poor
positioning, and identification accuracy, difficulty in collecting data at the optimal dis-
tance and viewing angle of the sensor, difficulty in integrating multiple detection methods,
and inability to implement dynamic warnings [111].

The use of UAVs for inspection overcomes many of these challenges. UAVs can ap-
proach different inspection areas and rely on various sensors such as visible light, infrared,
and ultrasound. The advantages of this method include lower difficulty, faster speed, full
coverage, high positioning, and identification accuracy, ensuring the optimal distance and
viewing angle of the sensor for data collection, the ability to integrate multiple detection
methods, and the ability to establish a database for dynamic warnings.

A TUM team proposes an extension to the LOAM framework that enables reference
object-based trajectory and map optimization. The approach assumes that the location
and geometry of a large reference object are known, such as a CAD model from BIM or
a previously captured dense point cloud model [111]. The method uses the poses of the
LOAM algorithm as an initial guess to refine them with scan-to-model alignment. An
Extended Kalman Filter (EKF) based motion prior filtering step is employed to evaluate
if the alignment was accurate. The past trajectory is optimized by adding the model-
aligned pose as a pose graph constraint and the map of the LOAM algorithm is corrected
to improve future localization and mapping. The approach was evaluated with data
captured in a visual airplane inspection scenario inside an aircraft hangar1. The results
show that enabling the proposed extension yields a reduction in Absolute Pose Error
compared to conventional LOAM [112] and R-LOAM [82], while being able to run online.
This reduces drift and improves map quality.

The difference between aircraft inspection and building inspection, bridge inspection,
or power line inspection is that virtually all aircraft have accurate CAD models. Therefore,
most of the work in path planning is based on existing CAD models, without the need to
focus on point cloud mapping or 3D reconstruction. Currently, there is no comprehensive
work that includes mapping and coverage path planning for aircraft inspection. Therefore,
we can also work in this area, which would give us a head start. In addition to the
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aforementioned solutions, another possible method is to collect a point cloud map for
the aircraft and align it with the CAD model. Based on this alignment, coverage path
planning for aircraft inspection can then be carried out.

2.4 Hierarchical 3D Scene Graph based Metric-Semantic

SLAM System

Despite rapid advancements in robotic perception technologies, a significant cognitive
gap persists between computer algorithm paradigms and human cognition [113]: low-
level perception focuses on geometric localization (e.g., spatial XYZ coordinates), while
computer vision-based high-level abstract perception, despite breakthroughs in object de-
tection, still suffers from fragmented multi-level representations in algorithms like robotic
SLAM. The inherent incompatibility between heterogeneous information, such as geo-
metric point clouds and semantic objects leads to fragmented environmental represen-
tations, ultimately constraining downstream task effectiveness like precise manipulation.
To address these challenges, this paper systematically reviews research progress through
three dimensions: sensor fusion (2.4.1) for multimodal data synergy enabling 3D object
detection, metric-semantic mapping (2.4.2) bridging geometric-semantic divides, and hi-
erarchical scene graphs (2.4.3) constructing logically connected structured environmental
representations.

On the other hand, the research on smart and sustainable agriculture faces a dual
mission: it should address the limitations of traditional agricultural production models
in terms of resource efficiency and environmental adaptability, while simultaneously es-
tablishing a closed-loop scientific system to address resource-population conflicts [12]. Its
technical framework comprises four core modules: perception, analysis, decision-making,
and execution. The perception module, implemented through IoT networks, enables data
acquisition and execution feedback, serving as the data foundation of the closed-loop
system that directly determines its performance ceiling.

2.4.1 Sensor Fusion for Accurate 3D Object Detection

To establish a comprehensive environmental perception system, multiple core computer
vision technologies, including object detection and object tracking, have been widely in-

20



Chapter 2. Literature Review

tegrated into perception systems. Among these, 3D object detection technology plays
a foundational role by intelligently predicting the spatial coordinates, dimensional pa-
rameters, and category attributes of critical objects (e.g., crops or machinery) surround-
ing agricultural vehicles. This provides object-level information support for downstream
tasks such as branch pruning [114], fruit picking [115], and other labor-intensive oper-
ations. Current mainstream methodologies in this field can be categorized into three
sensor-driven technical approaches: vision camera-based, LiDAR-based, and multi-sensor
fusion solutions [14].

While current research on 3D object detection predominantly focuses on autonomous
driving and domestic service robots [25], exploration in agricultural scenarios remains
in its infancy. Compared to highly structured urban environments [10], agricultural set-
tings present three core challenges [116]: complex spatial topologies formed by intertwined
foliage, high-density information distribution, and dynamic lighting variations, which ren-
der generic perception algorithms and datasets inadequate for precision agriculture de-
mands [117]. Existing agricultural semantic datasets exhibit significant limitations: early
datasets [118] provided only 2D RGB images lacking depth information; recent efforts
like BUP20 [119] (which includes RGB-D data for greenhouse sweet pepper instance seg-
mentation [120]) still suffer from narrow scene coverage and insufficient sample diversity.
Although the Cyrill team’s multimodal apple orchard dataset achieves tree-level instance
segmentation [121], it fails to overcome the technical barrier of fruit-level fine-grained
detection. To address these gaps, this study innovatively proposes a fruit-level object de-
tection algorithm based on multimodal data fusion. By establishing a cross-scale feature
correlation mechanism, the proposed method achieves the first synergistic optimization
of spatial localization and semantic recognition for fruits in agricultural environments,
effectively bridging the research void in fine-grained perception models for this domain.

2.4.2 Metric and Semantic SLAM

Through 3D object detection algorithms, we can obtain an object’s coordinates in the
body frame (i.e., its position relative to the robot). However, to derive the object’s
world coordinates, knowledge of the robot’s position relative to the world frame is re-
quired, which necessitates SLAM technology. Metric SLAM has evolved over decades [13],
driven by advancements in both hardware and software [122] [123]. Hardware innovations
have spanned sensors such as IMU [58], LiDAR [83], GPS, and multi-sensor fusion sys-
tems [124] [125]. Software advancements are typically divided into front-end [126] and
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back-end [86] components. The front-end processes raw sensor data, progressing from
traditional feature detection techniques to deep learning-based feature extraction [11].
The back-end optimizes front-end outputs at lower frequencies, evolving from Kalman
filters [127] to factor graph optimization [86]. Collectively, these developments have en-
hanced positioning accuracy and enabled metric SLAM’s broad adoption across domains.

Although metric SLAM has achieved significant progress, the world, for us, is not
merely a collection of geometric primitives (points [128], lines [129], surfaces [100]) or
isolated pixels/LiDAR point clouds. These map elements inherently carry higher-level
semantic information, motivating extensive research on integrating semantics into SLAM
systems. In semantic perception, transformative progress has been made over the past
decade, beginning with the ImageNet dataset and AlexNet [130]. Technologies such as
object detection and semantic segmentation [105] have matured significantly. Recently,
the rise of foundation models [131] has ushered in a new era for Artificial Intelligence (AI),
further expanding the horizons of semantic understanding.

2.4.3 3D Scene Graph for Hierarchical SLAM

Semantic SLAM, as an intersection of SLAM and CV, includes a wide range of studies
that integrate higher-level semantic information into purely metric SLAM maps [132].
We categorize this body of work as metric-semantic SLAM, which includes various ap-
proaches [133]. However, most of these works maintain flat metric-semantic maps, where
elements of different abstraction levels, such as basic landmark points and objects, are
indiscriminately stored in the same map database [134]. Typically, attributes distinguish
whether a point is a landmark or other object (e.g., a bottle) [135]. This fragmented
combination fails to reflect the relationships between elements in the map and does not
provide the robot with a holistic view of its surroundings.

To achieve a more complete and holistic perception, Armeni et al. [136] first proposed
the hierarchical 3DSG to organize semantic-metric elements at different levels of abstrac-
tion. A 3DSG is a layered graph where nodes represent spatial concepts at multiple
levels of abstraction (from low-level geometry to objects, places, rooms, buildings, etc.)
and edges represent relations between these concepts. In this direction, Kimera [24] and
Hydra [113] proposed 3DSG, which is a multi-resolution hierarchical graph structure to
organize these semantic elements at different levels of abstraction. However, these works
primarily focus on an ideal simulation setting that produces precise semantic segmenta-
tion outcomes. As reported in Hydra [113], even the GT-Trajectory configuration does
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not achieve 100% accuracy for “% Found” and "% Correct". Achieving entirely flawless
and all-encompassing semantic segmentation results in real-world scenarios is impracti-
cal, highlighting the necessity for further improvements in object mapping accuracy under
noise interference.

In this work, we address the limitations of existing metric-semantic SLAM systems,
which primarily focus on calculating the coordinates of objects without considering their
orientation or the hierarchical relationships between different levels of abstraction. These
simplifications may be acceptable in an ideal simulation environment, but are not feasible
in the real world, which is characterized by noise and bias. To address these issues,
Chapter 6 presents a metric-semantic SLAM framework, as shown in Fig. 6.2, for fruit
inspection based on 3DSG. By leveraging the top-down structure of the scene graph,
our work significantly improves the accuracy of fruit counting by reducing the impact of
various errors on object pose estimation. The systematic analysis of error sources and the
hierarchical approach proposed in this paper represent important advancements in the
field of metric-semantic SLAM.
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Autonomous Targetless Extrinsic
Calibration

3.1 Research Background

In computer vision and robotics applications, sensor fusion enhances various functionali-
ties such as robot perception, localization, SLAM, and decision-making. The combination
of RGBD cameras, LiDAR, and thermal cameras has demonstrated synergistic benefits
that surpass the output of individual sensors. By merging information from these diverse
sensors, a robot’s perception system can acquire data encompassing visible light, ambient
temperature, and depth. Fig. 3.1 illustrates an example use case where an aerial robot
equipped with LiDAR, RGBD camera, and thermal camera efficiently performs multi-
modal inspection tasks. However, sensor fusion also presents challenges, with precise
alignment of sensor data becoming crucial. External calibration is a key step to establish
associations between sensors and ensure accurate alignment for effective fusion.

Extrinsic calibration entails establishing correspondences between data obtained from
two different sensors, encompassing combinations such as LiDAR-RGB, RGB-thermal,
LiDAR-thermal, and others. Our primary focus centers on multi-modal extrinsic calibra-
tion, specifically LiDAR-RGB, and LiDAR-thermal calibrations. Among these, LiDAR-
RGB calibration has been extensively studied [28] [34], followed by RGB-thermal calibra-
tion [45], while LiDAR-thermal calibration remains relatively underexplored [137].

Various calibration methods can be broadly categorized as target-based or targetless,
and manual or autonomous. Early approaches predominantly employed target-based and
manual techniques. Autonomous and targetless calibration is most desired, though this
poses the greatest challenge. Currently, autonomous and targetless methods are preva-
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Figure 3.1: The sensor rig assembled on a UAV.

lent for RGB-LiDAR calibration. While LiDAR-thermal calibration methods are virtu-
ally non-existent. Many existing extrinsic calibration methods that involve a thermal
camera still rely on target-based approaches. This lack of research and development in
LiDAR-thermal calibration hampers the full utilization of thermal cameras’ advantages,
particularly in the context of service robots. The absence of robust calibration techniques
impedes the advancement of multi-sensor fusion and downstream algorithms, preventing
the realization of their full potential.

Extrinsic calibration encounters its first major challenge in achieving cross-modal in-
formation correspondence, which proves difficult even when performed manually. Each
sensor captures data from different domains: thermal cameras capture infrared (IR) waves,
RGB cameras capture visible light, and LiDAR relies on IR but with a different wave-
length, each representing unique and complementary information. RGB cameras are adept
at capturing detailed texture information, whereas LiDAR provides precise distance mea-
surements despite having sparser data points. On the other hand, thermal cameras excel
in perceiving temperature, making them particularly suitable for tasks like pedestrian
detection and avoidance in service robots and autonomous driving. The complementary
nature of these sensors enhances their effectiveness when used together.

However, their complementarity presents challenges in achieving extrinsic calibration,
as establishing relevant correspondences between sensors to solve for extrinsic parameters
becomes increasingly difficult. Traditional calibration methods involve creating calibra-
tion patterns capable of generating temperature information and possessing associated
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features like texture and specific geometric shapes. These common features are then
extracted manually or automatically. However, the complexity and bulkiness of such cali-
bration patterns make their manufacturing arduous. Moreover, if the extrinsic parameters
of the sensors on the robot change due to vibrations or collisions, the original calibration
becomes invalid, further calibration and intervention will be required or false alignment
will be caused.

The second challenge arises from the intricate nature of the thermal imaging pro-
cess and the dearth of robotics algorithms designed to address the autonomous-targetless
calibration problem. The complexity inherent in thermal imaging presents significant
challenges for researchers, resulting in a relative scarcity of research focused on thermal
camera calibration compared to other sensor types. As a result, most existing calibration
methods for thermal cameras tend to rely on target-based or manual approaches. The
development of automatic calibration algorithms specifically tailored for thermal cameras
is limited, and even fewer options exist for autonomous-targetless calibration methods.
This lack of automated calibration techniques for thermal cameras impedes the full uti-
lization of their capabilities within multi-sensor fusion systems, hindering a comprehensive
understanding of their potential benefits across various applications.

We tackle the above two problems by investigating the thermal imaging principle and
a cross-modal common feature extraction method is developed. A LiDAR-RGB, and
LiDAR-thermal calibration framework is proposed. The main contributions of this work
are as follows:

• We propose an autonomous and targetless calibration framework for LiDAR-RGB
and LiDAR-thermal sensors calibration, which is the first autonomous targetless
calibration method that can directly obtain the extrinsic parameters between the
thermal camera and LiDAR sensors based on our knowledge;

• Based on the analysis of thermal edge properties, we propose thermal edge detection
and edge-matching algorithms, and evaluated them in various scenes in terms of
convergence precision, and accuracy;

• The source codes is released 1 to benefit the community.

The structure of this article is organized as follows. We review the related works
of multisensor fusion and autonomous targetless calibration in Section II. Section III
provides some preliminaries. Section IV details the extrinsic calibration methodology.

1https://github.com/allenthreee/thermal_range_calib
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Simulation and real-world experiment results are presented in section V. Finally, we draw
the conclusion in section VI.

In computer vision and robotics applications, sensor fusion enhances various func-
tionalities such as robot perception, localization, simultaneous localization and mapping
(SLAM), and decision-making. The combination of RGBD cameras, LiDAR, and thermal
cameras has demonstrated synergistic benefits that surpass the output of individual sen-
sors. By merging information from these diverse sensors, a robot’s perception system can
acquire data encompassing visible light, ambient temperature, and depth. Fig. 3.1 illus-
trates an example use case where an aerial robot equipped with LiDAR, RGBD camera,
and thermal camera efficiently performs multi-modal inspection tasks. However, sensor
fusion also presents challenges, with precise alignment of sensor data becoming crucial.
External calibration is a key step to establish associations between sensors and ensure
accurate alignment for effective fusion.

The most widely used method for extrinsic calibration can be divided into three steps:
1) feature extraction, 2) feature matching, and 3) extrinsic parameter estimation, as shown
in Fig. 3.2. Common features include point features, line features, and surface features.
Feature matching can be divided into two types: 1) descriptor-based matching, which
calculates the similarity of features using descriptors, and 2) spatial-based matching,
which calculates the spatial distance of features and selects matched features with similar
spatial distances. Point feature matching is usually achieved by descriptors and is used
more in camera images, while line feature matching often uses spatial distance, and line
features are commonly used in cross-modal calibration. In this paper, we extract line
features and match them using spatial distance.

3.2 Preliminaries

In this paper, we minimize the reprojection error of edge features to solve for the extrinsic
parameters (i.e., relative pose including rotation and translation) between different sen-
sors. The translation vector can be represented by a 3-dimensional vector, while there
are multiple choices for representing rotation, such as Euler angles, quaternions, rotation
matrices, and rotation vectors. To facilitate optimization without introducing new con-
straints (quadratic constraint of unit quaternions), we use rotation matrices (Lie Group
on SO(3)) and rotation vectors (Lie Algebra of the Lie Group SO(3) to represent rotation
and optimize using rotation vectors that are living on smooth manifolds. We minimize
the cost function using nonlinear optimization on a smooth manifold. To clearly state the
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problem, we provide a brief review of some useful concepts.

3.2.1 Basic Notations

We use R ∈ R3×3 to denote 3D rotation matrix, t ∈ R3 to denote 3D translation vector

and T =

[
R t

0 1

]
∈ R4×4 to denote 3D rigid body transformation. Considering two

transformation matrices T1 =

[
R1 t1

0 1

]
and T2 =

[
R2 t2

0 1

]
∈ SE(3), where SE(3)

represents the Special Euclidean Group in three dimensions, we define the transformation

as T1 · T2 =

[
R1R2 t1 +R1t2

0 1

]
. We use T21 to denote the transformation matrix from

coordinate 1 to coordinate 2. For a specific scenario, we aim to add two vectors rpqv and rqiw .
Here, the vector rqiw points from point q to point i located in the world coordinate system,
while rpqv points from point p to point q in the vehicle coordinate system. To achieve this,
we first transform the vector rpqv to the world coordinate system using Tvw. Subsequently,
we add this transformed vector to rqiw . The complete transformation operation can be
described as follows:

rpiw = Twvr
pq
v + rqiw . (3.1)

3.2.2 Lie Group and Lie Algebra

The Special Orthogonal Group (the Rotation Group) describes the group of rotation
matrices and it is formally defined as SO(3) = {R ∈ R3×3|RR⊤ = I , det(R) = 1},
and the Special Euclidean Group describes the group of rigid motion in 3D, which is the

semi-direct product of SO(3) and R3. And it is defined as SE(3) = {T =

[
R t

0 1

]
∈

R4×4|R ∈ SO(3), t ∈ R3}.
The Group SO(3) forms a smooth manifold, and in its tangent space of the identity is

the Lie Algebra so(3) (which can be identified with the rotation vectors) of SO(3). The
Lie Algebra so(3) consists of all skew-symmetric matrices R ∈ R3×3. This means every
skew-symmetric matrix in R3×3 can be mapped by a vector w ∈ R3 by the hat operator
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(·)∧:

w∧ =

w1

w2

w3


∧

=

 0 −w3 w2

w3 0 w1

−w2 w1 0

 ∈ so(3). (3.2)

For the 3D rotation group SO(3), we have its Lie algebra:

so(3) = {ϕ ∈ R3,Φ = ϕ∧ ∈ R3×3}. (3.3)

And for the 3D transformation group SE(3), we have its Lie algebra:

se(3) = {ξ =

[
ρ

ϕ

]
∈ R6, ξ∧ =

[
ϕ∧ ρ

0⊤ 0

]
∈ R4×4}, (3.4)

where ρ ∈ R3×3,ϕ ∈ so(3). We can map a skew-symmetric matrix to a vector w ∈ R3

using the vee operator (·)∨.

The exponential map (at the identity) exp: so(3) → SO(3) maps an element of the
Lie Algebra to its Lie Group (the rotation matrix) and coincides with standard matrix
exponential (Rodrigues’ formula):

exp(ϕ∧) = I +
sin(∥ϕ∥)

∥ϕ∥
ϕ∧ +

1− cos(∥ϕ∥)
∥ϕ∥2

(ϕ∧)2. (3.5)

The logarithm map (at the identity) associates a matrix R ̸= I in SO(3) to a skew-
symmetric matrix:

log(R) =
φ · (R−R⊤)

2sinφ
with φ = cos−1 tr(R)− 1

2
. (3.6)

The capitalized are convenient shortcuts to map vector elements. For notational conve-
nience, we adopt capitalized Exp and Log maps to map vector elements to the Rotation
matrix and vice versa:

Exp : R3 → SO(3) ; ϕ 7→ exp(ϕ)∧, (3.7)

Log : SO(3) → R3 ; R 7→ log(R)∨, (3.8)

which operate directly on vectors, rather than on skew-symmetric matrices in se(3).
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3.2.3 Derivatives on Lie Group SO(3)

Following [138] we define plus and minus operators to introduce increments between ele-
ments on the manifold of SO(3), which are expressed on the tangent space of the manifold.
In our notation, we denote the plus and minus operators as ⊕ and ⊖, respectively. The ⊕
adds an incremental element in the Lie algebra so(3) to an element within the Lie group
SO(3). The ⊖ subtracts two elements within the Lie group SO(3) and yields an element
within Lie algebra so(3).

Giving a 3D rotation f : SO(3) → R3 of a 3D point p; f(R) = Rp, we have:

dRp

p
= lim

θ→0

(R⊕ θ)p⊖Rp

θ
= lim

θ→0

(RExp(θ)p−Rp

θ

= lim
θ→0

R(I + [θ]×)p−Rp

θ
= lim

θ→0

R[θ]×p

θ
(3.9)

= −R[p]× ∈ R3×3.

3.3 Methodology

The most widely used method for extrinsic calibration can be divided into three steps: 1)
feature extraction, 2) feature matching, and 3) extrinsic parameter estimation, as shown
in Fig. 3.2. Common features include point features, line features, and surface features.
Feature matching can be divided into two types: 1) descriptor-based matching, which
calculates the similarity of features using descriptors, and 2) spatial-based matching,
which calculates the spatial distance of features and selects matched features with similar
spatial distances. Point feature matching is usually achieved by descriptors and is used
more in camera images, while line feature matching often uses spatial distance, and line
features are commonly used in cross-modal calibration. In this paper, we extract line
features and match them using spatial distance.
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Figure 3.2: Schematic of the autonomous targetless extrinsic calibration process.

3.3.1 Edge Detection

LiDAR Edge Detection

LiDAR generates 3D point clouds, capturing 3D spatial information without being affected
by changes in lighting. Extensive research has been conducted on extracting features
from LiDAR point clouds, typically treating discontinuities in the 3D point cloud as 3D
edges. However, the point clouds generated by LiDAR have bleeding edges, and extracting
all edges would introduce significant errors and reduce the accuracy of the calibration
algorithm. To avoid such error source, connected edges are preferred. In this paper, we
primarily use the method proposed by Yuan et al. [36] to extract 3D edges. Specifically,
as shown in the top-left of Fig. 3.2, the RANSAC algorithm is used to fit planes on dense
point clouds. Then, the intersection lines of the planes are extracted as connected edges
and prepared for subsequent calibration. For solid-state LiDAR such as Livox series,
dense point clouds can be obtained by accumulating point clouds at the same location.
For mechanical (rotating) LiDARs, the LiDAR needs to be moved around and algorithms
such as Fast-LIO [139] are run to generate dense point clouds.

Thermal Edge Detection

The key distinctions between thermal images and RGB images can be summarized in two
aspects. Firstly, most RGB images represent steady-state conditions, whereas thermal
images capture transient states. Secondly, thermal edges tend to be blurrier compared to
RGB edges. In most scenarios, the color and shape of an object remain unchanged, while
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its temperature undergoes changes, flowing from high to low. RGB images rely on visible
light to capture information related to color and geometry, while thermal images capture
temperature differences. Consequently, the dynamic nature of temperature variations
introduces the difference between transient and steady states in thermal images (whereas
RGB images can be considered as representing steady states), and it also contributes to
the blurred appearance of thermal edges. The widely used Canny Edge algorithm, which
has been optimized over the years for RGB images, is not specifically tailored for thermal
images. Therefore, we have developed a novel edge detection algorithm to address the
aforementioned issues.

Transient and steady-state temperature fields are influenced by the principles of Fourier’s
law, which governs the flow of heat transfer from high-temperature objects to low-temperature
objects. In the absence of an external heat source, the temperature field of an isolated
system with a temperature difference will evolve over time until the temperature becomes
homogeneous. In a thermal image, black tends to "flow" towards white. In contrast, in
an RGB image, there is no inherent "flow" from black to white based on temperature.
Hence, we distinguish between transient temperature differences and steady-state tem-
perature differences in thermal images based on whether the temperature changes over
time (i.e., the presence or absence of an external heat source maintaining the temperature
difference). We classify a stable environment that can be maintained during the period of
data collection for calibration (approximately 30 minutes) as a steady state. On the other
hand, scenes that need to be heated multiple times such as passive calibration patterns
are categorized as transient.

In the absence of a stable heat source, artificially created temperature differences for
calibration purposes are typically transient. A checkerboard pattern heated by a heat gun
is an example of a transient state. In these artificially created transient temperature dif-
ference scenarios, due to their transient nature and the gradual reduction of temperature
differences, the clarity of boundaries is limited, leading to increasingly blurred thermal
edges during the calibration process.

Stable temperature differences in an environment are generated by heat sources such
as human body temperature [46], and active calibration patterns that have heating re-
sistors. When the heat dissipation from the air and the heat generated by these sources
reach equilibrium, steady-state temperature differences occur, leading to local stability.
Observing that the temperature variation of building contours is relatively slow, within
the data collection period of several tens of minutes, it can be considered as a steady-
state condition. Therefore, structured environments capable of generating temperature
differences can be utilized as calibration scenes. This approach eliminates the need for
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external heat sources or active calibration patterns, reducing complexity and cost while
still providing a suitable environment for calibration.

However, before utilizing building contours for calibration, it is necessary to address the
issue of detecting blurry edges in thermal images. Heat transfer occurs at the boundaries
between objects with different temperatures, resulting in a diffuse phenomenon at the
edges, making thermal images typically blurrier compared to RGB images. As shown in
Fig. 3.3, there are four common image edge models: step, ramp, pulse, and ridge. In
thermal images, the temperature cannot exhibit a sudden change (or maintain a sudden
change continuously) because heat conducts and flows. Unlike color and geometry, which
can remain constant at a pixel, temperature values cannot. Therefore, step and pulse
models, which are common in RGB images, are almost non-existent in thermal images.
The remaining ramp and ridge edge models are more prevalent in thermal images.

Step edge Pulse edge Ramp edge Ridge edge

Image

Intesity

1st der

2nd der

Figure 3.3: Different edge models.

Most edge detection algorithms are developed for the common step and pulse models
observed in RGB images, where the first-order gradient is used to detect edges. These
algorithms are unable to effectively detect edges corresponding to the ramp and ridge
models commonly found in thermal images, as shown in Fig. 3.3, the first-order derivative
for ramp and ridge edge models is not local maximum. While the second-order derivative
for the ridge model is the local maximum.

Ramp edges typically occur at the boundary of different mediums, such as the bound-
ary of solid and air, which are also bleeding edges for LiDAR edges. On the other hand,
ridge edges typically occur at the junctions of different materials or where there are ge-
ometric changes of the same material, such as corners of walls. Hence ridge edges in
thermal images correspond to connecting edges in the 3D space, which are preferred for
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LiDAR extrinsic calibration. Therefore, this study proposes a method that combines the
first-order and second-order derivatives for thermal image edge detection. Traditional
Canny edge detection [140] is used for RGB image edge detection. An example of the
proposed edge detection method and Canny edge detection is shown in Fig. 3.4.

(a) (b) (c)

Figure 3.4: Thermal edge extraction example. (a) Thermal edge detection with Sobel
operator. (b) Thermal edge detection with second-order edge detector. (c) Thermal edge
detection with combined edge detector.

3.3.2 Feature Matching

According to the summary of Section II, feature matching is mainly divided into two types:
the former is based on feature descriptor, which is often used for point features; and the
latter is based on spatial relationship, which is mainly used for edge or line features. In
this paper, we propose a novel edge-matching method based on spatial relationships. The
edge matching process is summarized in Algorithm 1. This method utilizes geometric
constraints and edge orientation to achieve robust and accurate results. By incorporating
the spatial information of edges, it can handle complex scenes with occlusions and clut-
tered backgrounds. The experimental results demonstrate that our method outperforms
the state-of-the-art methods in accuracy and robustness.

Assume M 3D edges are extracted from the 3D point cloud and N 2D edges are
extracted from the RGB image or thermal image. Denote the set of edge points in 3D
point cloud as P = {P j

i ; i = 1, ...,M ; j = 1, ..., edge[i].size()}, and the set of edge
points in 2D image plane as p = {pji ; i = 1, ..., N ; j = 1, ..., edge[i].size()}. To build
the matching relationship between 2D and 3D edges, we first randomly sample multiple
points in every 3D edge, then project this 3D edge point cloud to 2D image plane according
to the initial extrinsic and search in the neighbor area of the projected points. Lastly,
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the image coordinate of the projected point is adjusted to the mean value of its k nearest
neighbors. After all the sampled points have been matched, we can match the 3D edge
with the 2D edges.

Algorithm 1 2D and 3D Edge Matching Algorithm
Input: 2D edges l, 3D edges L, cam intrinsic K, init extrinsic Tinit, k, ϵd, ϵd, α, n
Output: Matching pairs {L, l}
1: for i = 1 to 3D_edges.size() do
2: Sample n points P 1

i , ..., P
n
i on Li; c = 0

3: for j = 1 to n do
4: pji = K · Tinit · P j

i (project 3D to 2D)
5: Search k nearest neighbors of pji : qj,1i , ..., qj,ki

6: qi =
1
k

∑k
pt=1 q

j,pt
i (refined projection)

7: ni = normal vector of 2D edge at qi (quantify edge direction)
8: Find closest 2D edge pi to qi

9: if Dist(pi, qi) ≤ ϵd and AngleDist(Li,ni) ≤ ϵn then
10: c = c+ 1; lcand = lm

11: end if
12: end for
13: if c/n ≥ α then
14: Append {Li, lcand} to pairs
15: end if
16: end for
17: return edge pairs {L, l}

3.3.3 Extrinsic Calibration

Having edges extracted and matched, we will address the problem of extrinsic calibration
of a camera C or a thermal camera Th and a LiDAR LiDAR. Let TCLiDAR be the
relative pose between the reference frame from the LiDAR to the camera and TThLiDAR

be the relative pose from the LiDAR to the thermal camera. To simplify notation, we
denote T = [R|t] ∈ SE(3) as the relative pose from the LiDAR to the other two 2D
sensors.
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Figure 3.5: Perspective-n-line algorithm schematic.

Perspective-n-Line

As shown in Fig. 3.5, given a pair of 2D-to-3D line correspondence, we have 2 constraints
on the camera pose [141]. Formulating the extrinsic solving as a Perspective-N-Line (PnL)
problem, the relative pose could be solved by at least three line correspondences. Most
scenes hold more than 3 edge correspondences, and the extrinsic parameter could be
solved by at least one shot.

Assume the intrinsic matrix of the camera is KC , and the homogeneous coordinate
of a 2D line lji is lji . The back-projection plane of li is [KCli; 0] [141], and the normal of
the 2D line on the back-projection plane lji is nj

i . A straight line could be represented
by a unit direction vector v and a point p which is closest to the origin of the line.
Together with the camera center, the 3D line forms a norm vector in the camera frame
nC = (nx

C , n
y
c , n

z
C)

⊤.

Considering one line correspondence in 3D and 2D space Lj
i ↔ lji , the 2D line in the

thermal image is the intersection of the 3D line with the thermal image plane. The 2D
line, the 3D line, and the camera center lie on the same plane which can be parameterized
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by the camera center and a normal vector n. As in (3.1), we can transform the normal
vector from the LiDAR coordinate to the camera coordinate as follows:

nC = TCLiDAR · nLiDAR. (3.10)

For any 3D point P = (x, y, z)⊤ point on the 3D line and a 2D point p = (u, v, 1)⊤ on its
corresponding 2D line, we have the constraint with the norm vector formed by the 3D line
and the camera center. After transforming the normal vector into the thermal camera
coordinate, nC can form a constraint with any point on the corresponding thermal edge.

0 = nC(KCTCLiDARP − p)⊤. (3.11)

(3.11) can be viewed as the cost function of the extrinsic parameter. The extrinsic pa-
rameter can be obtained by solving the least-mean-square error problem:

TCLiDAR = arg min
TCLiDAR

1

2
∥

n∑
i=1

nC(KCTCLiDARPi − pi)
⊤∥22. (3.12)

Since the main re-projection error is caused by noise orthogonal to the direction of the
line, and is unrelated to the line length. A scalar len, which is the length of the line, is
applied to the distance function to make longer and shorter edges contribute equally to
the cost function.

In order to obtain an unconstrained optimization form, we solve (3.12) on the tangent
space of the manifold. As in (3.4), we use ξ ∈ R6 to represent the relative transformation
between the thermal camera and the range sensor. Then the error term can be expressed
as:

e(ξ) = nC(KCexp(ξ
∧)Pi − pi)

⊤. (3.13)

The derivative can be derived using the ⊕ and ⊖ operator defined in Section III-C.

∂e

∂δξ
= lim

ξ→0

e(δξ ⊕ ξ)− e(ξ)

δξ
=

∂e

∂TCLiDARP

∂TCLiDARP

∂δξ
. (3.14)

Substituting (3.9) into (3.14), we have the gradient of the line point re-projection error:

∂e

∂δξ
=

− n⊤
i

[
fx
Z′ 0 −fxX′

Z2 −fxXY
Z2 fx +

fxX2

Z2 −fxY
Z

0 fy
Z

−fyY

Z2 −fy − fyY 2

Z2

fyXY

Z2

fyX

Z

]
. (3.15)
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This non-linear optimization problem is solved using Levenberg-Maquardt method [142].

3.4 Experiment Results

In this section, we evaluate our method by both simulation and real-world datasets. Intel
Realsense D435 RGBD camera, iRay T3S thermal camera, and Livox Mid-360 LiDAR
mounted on a Totem-250 UAV frame are used to generate the datasets, shown in Fig.
3.1. The LiDAR is installed on the top of the UAV platform, while the thermal camera
and RGBD camera are assembled inside a 3D printed rig which is mounted in the front
of the UAV. The LiDAR, stereo camera, and thermal camera run at 10, 25, and 30 Hz
respectively. Some examples of the data captured by different sensors are shown in Fig.
3.6.

(a) (b) (c)

(d) (e) (f)

Figure 3.6: Example scenes in different modality. (a, d) RGB image, (b, e) thermal image,
(e, f) LiDAR point cloud.

Section 3.4.1 introduces the simulation environment and results, followed by the in-
troduction of real-world experiments in Section 3.4.2. Table 3.1 gives the sensor specifi-
cations:

39



Chapter 3. Autonomous Targetless Extrinsic Calibration

Table 3.1: Sensor Specifications

Device Modality Resolution FOV

iRay T3S Thermal 384×288 28.2° × 21.3°
Intel Realsense D435 RGB 1920×1080 69.4° × 42.5°

Livox Mid-360 LiDAR 1.3× 1.3 360°× 59°

3.4.1 Simulation Results

A common problem for quantitatively assessing extrinsic calibration results is the un-
availability of the exact ground truth [34]. Due to the lack of ground truth, many earlier
efforts used manually annotated results as a benchmark and evaluated the calibration
results qualitatively by contrasting the discontinuity in data fusion. Qualitative analysis
only provides a general comparison and obscures the specific factors that influence the re-
sults. In order to fully describe the effectiveness of the suggested strategy and the impact
of various variables, some researchers focused on simulation verification.

Benefiting from recent developments, we built a simulation suite that contains a ther-
mal camera in the Gazebo platform. The simulation suite consists of a thermal camera,
a RGBD camera, a LiDAR, and the calibration scene. The sensor properties, including
resolution, field of view, and accuracy, are replicated in the simulation suite. As shown
in Fig. 3.7, a thermal camera, an Intel Realsense D435 RGBD camera, and a LiDAR
are modeled in the simulation suite. RGB images are captured by the left camera of the
RGBD camera, and thermal images are captured by the thermal camera. To obtain dense
LiDAR point cloud, the LiDAR is slightly moved during the point cloud record process.
Afterward, the LiDAR-inertial odometry Fast-lio [143] is used to track LiDAR motion
and register all points to the LiDAR’s initial pose. We build a calibration scene using
an apartment model as the background and several walls with different temperatures as
the foreground to generate edge features in the simulation environment. The point cloud
generated by the LiDAR in the simulation is shown in Fig. 3.8.

In the simulation environment, all parameters are under control, so we assume perfect
feature detection and matching. Under this assumption, the factors that may influence
the calibration results could be categorized into 2 folds, namely 1) the number of frames
captured at different relative poses between the sensor rig and the calibration scene, and
2) the noise level added to the data captured by the different sensors. Since the FOV
of the thermal camera is relatively small, the thermal camera is placed right under the
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Figure 3.7: Simulation in Gazebo, RGB, depth, thermal image, and LiDAR point clouds
are captured. Different temperature is assigned to the ground, different walls, and human
model. The house has the same temperature as the gray wall.

RGBD camera and the LiDAR. All sensors heading in the same direction, so that the
image and point cloud captured by the three different sensors can be fused in an effective
manner.

Single Pose Experiments

In this subsection, we feed only one frame into the pipeline to demonstrate the feasibility
of single-frame calibration. To evaluate the impact of acquiring data from different relative
positions and angles on the calibration results, we collect data at three distinct points:
P1, P2, and P3 shown in Fig. 3.7. Given the ground truth transformation Tgt and the
estimated transformation T̂ , we compute the transformation error in terms of rotation
error er and translation error et as follows:

er =∥Log(R⊤
gtR)∥ =∥Log(δR)∥ (3.16)

et =∥tgt − t̂∥ =∥δt∥, (3.17)

where R is the rotation matrix, Log() operation refers to (3.7), and t is the translation
vector. R and t together form the transformation matrix as in (3.4. The single pose
calibration results are shown in Table 6.2.

From the table, it can be observed that overall, the algorithm provides more accurate
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Figure 3.8: LiDAR point cloud and 3D edge extraction in RVIZ.

Table 3.2: Mean (and Std Dev) of Linear(et) and Angular(er) Calibration Errors in Dif-
ferent Pose

Error P1 P2 P3

LiDAR-thermal et(cm) 8.31(1.329) 7.89(1.326) 8.44(1.458)
er(degree) 5.72(0.718) 5.39(1.078) 5.98(0.583)

LiDAR-RGB et(cm) 3.37(1.102) 3.52(1.287) 3.58(1.541)
er(degree) 3.69(1.219) 3.85(1.320) 3.32(1.491)

and robust estimates for rotation compared to translation. Both rotation and translation
accuracy vary among different sensor combinations, with the LiDAR-RGBD combination
being the more precise and the LiDAR-thermal combination showing the lowest accuracy.
We also set identical camera parameters for both thermal and RGB cameras with resolu-
tions of 320× 240 and 640× 480 in the Gazebo simulation. The FoV of all cameras is set
as 60× 47. Table 3.3 presents the experimental results. It is evident from the table that
the reprojection error remains consistent across all control groups, as the PnL algorithm
minimizes the reprojection error in pixel values. However, due to the difference in camera
resolution, with the same reprojection error the translation error is nearly twice as large
for small-resolution cameras.

In conclusion, the results obtained from single-frame calibration demonstrate the effec-
tiveness of the algorithm and lay the foundation for multi-frame calibration. Additionally,
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the comparison between different resolutions indicates that, with the same reprojection
error, the absolute error is influenced by the camera resolution. The higher the resolution,
the more precise the absolute transformation accuracy that can be achieved.

Table 3.3: Calibration Accuracy Comparison using Cameras with Different Resolution in
Gazebo Simulation

Sensor Resolution et(cm) er(deg) eres(pix)

Thermal 320× 240 8.42 4.43 1.2
Thermal 640× 480 3.78 3.26 1.3

RGB 320× 240 8.26 4.39 1.1
RGB 640× 480 3.85 3.01 1.2

Multi Pose Experiment

The accuracy of the calibration results in the context of multi-pose experiments can be
influenced by various sources of noise inherent to the method, such as sensor noise and
feature detection errors. When the sensor rig is posed at different positions and data is
collected using diverse approaches, including features with varying depths and non-co-
planar lines, additional constraints can be obtained by providing new poses. This process
has the potential to decrease ambiguity and enhance accuracy.
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Figure 3.9: Calibration result effected by the number of poses. (a) Rotation error. (b)
Translation error.
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The rotation and translation error decreased with the increase of the frames used in
the calibration process as shown in Fig. 3.9. As can be seen, the rotation error reaches a
relatively stable state when the number of input frames is more than 6. While translation
estimation is more prone to noise and reaches a high accuracy when the number of input
frames exceeds 7.

3.4.2 Real-world Experiment

In this section, our system is evaluated in real-world experiments, both quantitatively and
qualitatively. The ground truth extrinsic parameters are obtained by manually selecting
corresponding feature points between 10 frames and applying the PnP algorithm based
on these correspondences.

We test our method in a variety of scenes, as depicted in Fig. 3.10. Data collection is
guided by the analysis in Section 3.3.1, considering the thermal properties and geometric
edge distributions to ensure alignment between thermal edges and geometric edges.

(a) (b) (c)

Figure 3.10: Example calibration scenes. (a) Library corner (b) Library seat. (c) Library
window.

Convergence Validation

To assess the convergence of the proposed method for estimating extrinsic parameters,
experiments are conducted under three distinct scenarios as depicted in Fig. 3.10. A
randomized initialization approach is employed to ensure robustness, with initial values
sampled within a range of plus or minus 5 degrees in rotation and 5 cm in translation.
Each scenario is executed 20 times to yield statistically significant results. The cost
function is evaluated for each run, and the statistical analysis of the results is presented
in Fig. 3.11. Our findings demonstrate successful convergence of the proposed algorithm
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in all scenarios, with final estimates exhibiting minimal cost. These results indicate the
reliability and effectiveness of our method in accurately estimating extrinsic parameters
across diverse scenes.
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Figure 3.11: Cost comparison using proposed thermal edge detector and Canny edge
detector of LiDAR-thermal calibration in different scenes.

Precision and Accuracy

To evaluate the precision of the proposed method, we calculate the calibration error
relative to the mean value of extrinsic statistics to test the variance of the proposed
method. All results are obtained running batch optimization on 8 frames according to
the simulation results that the extrinsic error stability is observed upon surpassing the
threshold of 8 frames of data. We compared our method with several others, including an
indirect calibration method as a control group, i.e., TThLiDAR = TThC · TCLiADR, as used
by [47]. Although the error in TCLiDAR by Fu’s [47] method is similar to other methods,
the overall error of TThLiDAR is larger due to the accumulated uncertainty of the indirect
process. The boxplot in Fig. 3.12 shows that in the six axes for rotation and translation,
our method achieved the smallest variance in five directions out of six axes in LiDAR-RGB
calibration, and the smallest variance in four directions out of six axes in LiDAR-thermal
calibration. In the yaw direction, our mean error is closer to zero.
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(a) (b)

(c) (d)

Figure 3.12: Compariosn experiment of calibration accuracy. (a) LiDAR-RGB rotation
error. (b) LiDAR-RGB translation error. (c) LiDAR-thermal rotation error. (d) LiDAR-
thermal translation error.

To further validate the effectiveness of our proposed method, a comparative analysis is
conducted with the extrinsic from the CAD model as ground truth. In real experiments,
we do not have the absolute ground truth as in simulations. Therefore, we use a CAD
model as the ground truth. However, it should be noted that using CAD for extrinsic
calibration can introduce large reprojection errors. Table 3.4 presents the comparison
results of calibration errors. It is evident that our method achieves superior results in
terms of reprojection error among autonomous targetless extrinsic calibration compared
to Yuan et al. [36] and Fu et al. [36] for both LiDAR-RGB and LiDAR-thermal extrinsic
calibration. In terms of translation and rotation accuracy, our method achieves results
comparable to other methods. Additionally, it performs on par with the manual method.
Particularly, our method demonstrates remarkable accuracy in both LiDAR-RGB calibra-
tion and LiDAR-thermal calibration, with overall translation errors of 2.77 cm and 3.86
cm, and overall rotation errors of 0.21 degrees and 0.46 degrees, respectively. Moreover,
our method enables the direct and autonomous targetless calibration of both the ther-
mal camera and LiDAR. Previously, no existing method offered the capability to directly
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calibrate the combination of LiDAR and thermal sensors in such a manner.

Table 3.4: Extrinsic Calibration Comparison

LiDAR-RGB LiDAR-thermal

Method et(cm) er(deg) eres(pix) et er eres

Yuan’s [36] 2.75 0.17 1.3 - - -
Fu’s [47] 2.81 0.23 1.9 4.39 0.48 2.3

Ours 2.77 0.21 1.2 3.86 0.46 1.3

Manual 2.30 0.19 1.3 4.20 0.37 1.8

Outlier Rejection

Our original calibration algorithm already possesses basic outlier rejection functionality.
By iteratively shrinking the edge matching threshold (gradually reducing from 30 pixels
to 5 pixels), it effectively enhances robustness against noise. Additionally, the current
algorithm still relies on structured environments to achieve stable calibration, resulting in
a low number of outliers in the experimental data. For further study of the impact of the
wrong matching in the calibration process, RANSAC and different robust kernels were
implemented in the system. By comparing the calibration performance under different
combinations of RANSAC activation states and kernel functions, we clarify their core
values in LiDAR-camera extrinsic parameter calibration: kernel functions serve as the
key to improving calibration accuracy, suppressing outlier interference through robust
loss functions; RANSAC acts as a supplementary means for filtering explicit outliers, yet
exhibits a significant speed bottleneck in low-outlier scenarios.

The computation time is intuitively presented in Fig. 3.13, where the introduction
of RANSAC substantially increases the computational overhead — the total time con-
sumption of RANSAC groups (e.g., 918.0 s for RANSAC+Tukey) is much higher than
that of NoRANSAC groups (e.g., only 401.5 s for NoRANSAC+Quadric). Fig. 3.14
shows the comparison of extrinsic calibration parameters across different methods with
and without RANSAC integration (combined with null, Huber, and Tukey robust loss
functions). (a) Rotation angles (Roll, Pitch, Yaw) in degrees following the Z-Y-X Euler
angle order, where the Yaw parameter is marked with diamond symbols for clear identi-
fication; all methods exhibit highly consistent rotation results despite the loss reduction
by RANSAC. (b) Translation components (X, Y, Z) in meters, showing minimal discrep-
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Figure 3.13: Computational Time comparison of different calibration settings

(a) (b)

Figure 3.14: Extrinsic calibration parameters of methods with or without RANSAC (and
null Huber Tukey robust loss functions). (a) Euler angles (Roll Pitch Yaw deg) with Yaw
marked by diamonds; (b) Translation components (X Y Z, m) with minimal discrepancies.

ancies among all calibration schemes, which verifies that RANSAC only enhances outlier
rejection without compromising the consistency of final extrinsic parameter outputs.

In practical applications, we recommend prioritizing the "NoRansac + Huber ker-
nel function" scheme to balance accuracy and efficiency; if extreme accuracy is required,
the computational cost can be reduced by optimizing RANSAC parameters. Experimen-
tal results also demonstrate that in low-outlier scenarios, the residual suppression effect
of kernel functions is sufficient to meet engineering requirements, while the gain from
RANSAC is limited. Excessively pursuing an "outlier-free" solution will instead lead to
a waste of efficiency. The core value of RANSAC lies in screening valid inliers in high-
outlier scenarios (outlier ratio > 10%). However, the outlier ratio in this experiment is
only 1–5%. The "random sampling–model evaluation–inlier counting" loop of RANSAC
generates a large amount of redundant computation, resulting in benefits far lower than
the costs.
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(a) (b)

Figure 3.15: Image fusion result of RGB image and LiDAR point cloud. (a) Raw RGB
image, the FoV of the thermal camera is shown in the red box. (b) RGB image with
LiDAR point cloud projection.

Fusion Results

Fig. 3.15 shows the fusion result of the LiDAR point cloud and the RGB image in the
stereo camera. It can be seen from the fusion result, that the LiDAR point cloud edges
are in good alignment with the RGB image edges. LiDAR points near the LiDAR center
are represented by red color and points far from the LiDAR are represented by blue color.
The trend of color changes in the image is consistent with reality.

Fig. 3.16 shows a qualitative fusion result of the LiDAR point cloud and the thermal
image at the same scene as depicted in Fig. 3.15, using the parameters obtained by
our calibration method. Since the FOV of the thermal camera is much smaller than the
RGBD camera and LiDAR, the thermal information only covers a part of the other two
sensors. Still, it demonstrates the feasibility of the proposed method.

3.5 Conclusion

In this work, we have presented an autonomous-targetless calibration method for LiDAR-
RGB and LiDAR-thermal calibration, representing the first autonomous-targetless ap-
proach capable of directly calibrating a thermal camera and a LiDAR, as supported by
the literature review. The method extracts line features from 2D thermal images and 3D
point clouds and solves the extrinsic parameters based on the line feature correspondences.
We have developed a simulation calibration suite on the Gazebo platform, incorporating a
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(a) (b)

Figure 3.16: Image fusion result of thermal image and LiDAR point cloud. The FoV of
the thermal camera is shown in the red box in Fig. 3.15. (a) Thermal image. (b) Thermal
image with LiDAR point cloud projection.

thermal camera, an RGB-D camera, a LiDAR and buildings with different temperatures.
The performance of the proposed method has been rigorously assessed through systematic
estimation using synthetic data and qualitative validation using real-world data. In both
LiDAR-RGB calibration and LiDAR-thermal calibration, the method has demonstrated
exceptional accuracy, with overall translation errors of 2.77cm and 3.86cm, and overall ro-
tation errors of 0.21 degrees and 0.46 degrees, respectively. These results are comparable
to those achieved by traditional target-based manual methods. Different thermal scenes
have been analyzed based on the thermography process. The presence of distinguishable
and well-aligned edges in different modalities (thermal-RGB-LiDAR) has been identified
as the key to obtaining ideal calibration results.

As part of future work, we plan to explore autonomous bad scene rejection mechanisms
and enhance the calibration accuracy through the utilization of a more precise thermal
edge detection method. Such functionality was previously challenging to implement; how-
ever, with the rapid advancement of AI, especially Visual Language Model (VLM) have
demonstrated comparable capabilities. A key limitation, nevertheless, is that VLM cur-
rently lacks the feasibility for onboard real-time deployment, which could be investigated
as a promising research direction in future studies.
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Chapter 4

Feedforward-feedback LiDAR Visual
Inertial System

4.1 Research Background

SLAM [7] is crucial for robot operation in unknown environments, such as UAVs search
and rescue, and building inspection tasks. Common SLAM systems utilize LiDAR, and
visual sensors for exteroceptive perception and inertial sensors for interoceptive state es-
timation. Previous research frameworks primarily relied on a single external perception
sensor (like a camera or LiDAR) combined with an IMU. For UAVs, cost-effective con-
figurations often include VIO, SVIO , and LIO.

As the demand for operating intelligent robots in the real world increases, these robots
often need to work in challenging environments. Above mentioned systems that rely on
a single exteroceptive sensor often cannot provide the accuracy and robustness needed
for pose estimation in these challenging conditions. For example, VIO is prone to failure
in outdoor environments where the lighting conditions may change rapidly, and the per-
formance of LIO is affected by the environment geometry. To tackle this, several recent
works proposed LVIO that fuses the camera and LiDAR measurement. Existing systems
usually focus on the fusion camera measurements and LiDAR measurements. Similar to
the fusion of a single exteroceptive sensor with an IMU, Kalman filter or factor graph
optimization approaches are usually applied to fuse camera and LiDAR measurement.

Contemporary filter-based VIO or LIO systems predominantly employ either a filter-
based or an optimization-based framework for the fusion of different data. Both frame-
works hinge on the identification of the most suitable prediction that fulfills each individ-
ual measurement, such as those derived from visual cameras or an Inertial Measurement
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Unit. As the input data escalates, there is a corresponding increase in the demand for
computational power. This poses a significant challenge for robotic systems, especially
those with constraints on size, weight, and power, such as Unmanned Aerial Vehicles.
High-performance pose estimators, in these instances, can consume an excessive amount
of computational resources.

Building on our previous work [8], we propose a feedforward-feedback based frame-
work. Unlike other frameworks where gyroscope data is used to predict rotation and
accelerometer measurements are used to calculate pose through integration, our frame-
work leverages the complementary nature of gyroscope and accelerometer measurements.
Gyroscope data is accurate in the short term but drifts over time (low-frequency noise),
while accelerometer data is noisy in the short term but accurate over time (high-frequency
noise). We use measurements from both the gyroscope and accelerometer to jointly pre-
dict the robot’s rotation. We introduce a feedforward-feedback-based complementary fil-
ter framework, integrating IMU data and visual LiDAR into the pose estimation pipeline.
This structure combines the advantages of the Kalman filter method and includes several
decoupled models to partition the process of LiDAR stereo vision inertial fusion. The
complementary filter is used to process IMU data, and the feedforward and feedbacks
are used to combine measurements from different sensors. With a better initial value,
the update step of sensor fusion can converge more quickly and achieve more accurate
pose estimation. This approach enhances the precision and robustness of pose estimation,
which is crucial for the operation of robots in complex environments.

In summary, the aim of this work is to tackle the issue of fast and robust LiDAR-visual-
inertial pose estimation, especially for systems that are restricted by resource limitations.
Fig. 4.1 shows the system architecture of FLiVIS, the whole system consists of a VIO
subsystem and a LIO subsystem. The VIO subsystem is based on FLVIS [8] and the
LIO subsystem is based on Fast-lio2 [9]. The proposed system is evaluated on the KITTI
dataset [10] and NTU VIRAL dataset [11] to test its applicability in autonomous driving
and UAV inspection tasks. The results demonstrate that FLiVIS is comparable to state-
of-the-art systems, and it can achieve real-time processing on various platforms, from
laptops to upboard processors.

In this chapter, we present a LVIO based on feedforward and feedbacks. Compared to
traditional Kalman filter-based methods or optimization-based methods for sensor fusion,
the proposed system achieves sensor fusion through feedforward and feedbacks. This
system, named Feedforward-feedback LiDAR Visual Inertial System (FLiVIS) consists
of a VIO subsystem and a LIO subsystem, these two subsystems are coupled through
complementary filters.
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Figure 4.1: System architecture of the proposed pipeline. The inputs are the measure-
ments from the LiDAR, IMU, and camera. The IMU data is processed by the Madgwick
filter, and the fusion of IMU estimation and the other two sensors is achieved through
feedforward and feedback. The LIO states are maintained by an ESIKF, and VIO mainly
depends on feedforward and feedback loops as in FLVIS.

Instead of directly integrating gyroscope data and accelerometer data, our frame-
work leverages the complementary nature of gyroscope and accelerometer measurements.
FLiVIS is evaluated on public datasets, it achieves a relative translation error of 0.68%
on the KITTI dataset and 0.138 m absolute translation error on the NTU-Viral dataset,
respectively. The experiment results demonstrate the accuracy and robustness of FLiVIS
with respect to other state-of-the-art counterparts. FLiVIS is capable of accommodating
both multi-line spinning LiDARs and emerging solid-state LiDARs, which employ dis-
tinct scanning patterns. Additionally, it can perform real-time operations on a range of
platforms, from laptops to onboard processors.

In summary, the aim of this chapter is to tackle the issue of fast and robust LiDAR-
visual-inertial pose estimation, especially for systems that are restricted by resource lim-
itations. Fig. 4.1 shows the system architecture of FLiVIS, the whole system consists of
a VIO subsystem and a LIO subsystem. The VIO subsystem is based on FLVIS [8] and
the LIO subsystem is based on Fast-lio2 [9]. The proposed system is evaluated on the
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KITTI dataset [10] and NTU VIRAL dataset [11] to test its applicability in autonomous
driving and UAV inspection tasks. The results demonstrate that FLiVIS is comparable
to state-of-the-art systems, and it can achieve real-time processing on various platforms,
from laptops to upboard processors.

4.2 Methodology

In Section 4.2.1, we first compare the similarities and differences between the comple-
mentary filter, Kalman filter, and optimization-based methods. We believe the main
difference lies in the perspective from which sensor fusion is viewed: the complementary
filter approaches it from the frequency domain and signal perspective, while the Kalman
filter and optimization-based methods model the sensor fusion problem from the perspec-
tive of maximum a posterior probability. In Section 4.2.2, we use the one-dimensional
complementary filter as an example to derive the different forms of signal fusion from the
frequency domain to the time domain. In Section 4.2.3, we demonstrate the Madgwick
filter in three-dimensional space based on IMU data and clarify its role in FLiVIS. Finally,
we explain our visual and LiDAR measurement model in section 4.2.4.

4.2.1 Complementary Filter

In conventionally Kalman filter-based or optimization-based methods, only gyroscope
measurement is used for orientation estimation. The accelerometer data is ignored in
the orientation update step. Note that, in the presence of gravity, the accelerometer
measurement can be used for orientation estimation under the following two assumptions:

1. During the moving process of the unmanned vehicle, the forces are essentially bal-
anced, i.e., the vehicle is moving at uniform speed or hovering at a fixed point. That
is, the accelerometer measurement in the global coordinate is (0, 0, g)⊤.

2. The sensor measurement data only involves high-frequency or low-frequency noise,
that is, the sensor measurement equation is as follows:

â(t) = a(t) + nH(t)

ŵ(t) = w(t) + nL(t), (4.1)
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here, the variable with a caret (̂ ) represents the measured value, while the variable without
a caret represents the ground truth value. Note that the two assumptions hold for most
autonomous vehicle operation periods, we fuse â into the orientation estimation pipeline.

Although subject to noise, orientation estimates from accelerometer measurements ex-
hibit sustained accuracy over long periods. Conversely, orientation estimates derived from
gyroscope measurements offer precision over short periods but are susceptible to drift over
long durations. These distinct characteristics can be exploited and harnessed within the
frequency domain [144]. Specifically, orientation estimates predicated on gyroscope mea-
surements demonstrate advantageous properties at high frequencies, thus the gyroscope
measurement is filtered by a High Pass Filter (HPF). In contrast, orientation estimates
obtained from accelerometer measurements exhibit favorable attributes at low frequen-
cies, thereby the accelerometer measurement is filtered by a Low Pass Filter (LPF). This
approach facilitates the effective utilization of the unique properties inherent to each sen-
sor’s measurements provided by the IMU, thereby optimizing system performance. The
diagram of a complementary filter on IMU measurement is shown in Fig. 4.2. The math-
ematical derivation of the one-dimensional complementary filter and Madgwick filter are
detailed in 4.2.2 and 4.2.3 respectively.

4

1. Complementary Filter & Madgwick Feedloops (FLVIS)

Acc

||a||-||g|| 
< Th
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�
��
||��||
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  dt

Figure 4.2: Madgwick filter forms the perspective of the complementary filter.
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4.2.2 One Dimensional Complementary Filter from Frequency

Domain to Time Domain

Consider the one-dimensional case, assuming the IMU rotates along one axis (taking the
X-axis as an example here). We denote the estimation of an angle θ from gyroscope
measurement by θ̂w and the estimation from accelerometer measurement by θ̂a. θ̂w is
obtained by integrating gyroscope measurement wgyro and θ̂a is obtained by calculating
the angle between gravity and the acceleration direction. The Laplace transforms of θ, θ̂a,
θ̂w, and ŵ are denoted by Θ(s), Θ̂a(s), Θ̂w(s), and Ŵ (s), respectively. The complementary
filter computes Θ(s) as:

Θ(s) = LPF (s)Θ̂a(s) +HPF (s)Θ̂w(s)

= LPF (s)Θ̂a(s) + (1− LPF (s))
1

s
Ŵ (s). (4.2)

Where LPF (s) is a low-pass filter and HPF (s) = 1−LPF (s) is hence a high-pass filter.
The insight behind the name complementary filter of (4.2) is that it leverages the comple-
mentarity nature of the measurement provided by the gyroscope and the accelerometer.

Taking LPF (s) = C(s)
s+C(s)

as a first-order low-pass filter, the output of the complemen-
tary filter can be written as:

Θ(s) =
C(s)

s+ C(s)
Θ̂a(s) +

s

s+ C(s)

1

s
Ŵ (s). (4.3)

Set C(s) in the low-pass filter as 1
a
, (4.3) becomes:

Θ(s) =
1

as+ 1
Θ̂a(s) +

1

s

as

as+ 1
Ŵ (s). (4.4)

Substituting s = 1−z−1

T
into (4.4), we have the Z-transform of the complementary filter:

Θ(z) =
1

a1−z−1

T
+ 1

θ̂a(z) +
a

a1−z−1

T
+ 1

Ŵ (z). (4.5)

Convert the Z-transform (4.5) to the discrete-time difference form, we have:

θ(t) =
T

a+ T
θ̂a(t) +

a

a+ T
(θ(t− 1) + Tw(t))

= (1− γ)θ̂a(t) + γ(θ(t− 1) + Tw(t)), (4.6)
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where γ is a
a+T

. (4) and (8) are equivalent, except that they represent signal fusion
from the perspectives of the frequency domain and time domain, respectively. In the
frequency domain, the signal is filtered using a high-pass or low-pass filter to remove
noise. In the time domain, it is represented as a weighted complementary filter. In
(8), the parameter γ = a

a+T
, represents the weight assigned to the accelerometer, which

corresponds to the low-frequency signal. The choice of this weight is related to the cutoff
frequency, denoted as a of the low-pass filter. This allows us to derive the complementary
filter from the frequency domain to the time domain for one dimension. Having completed
the derivation of the complementary filter for one dimension, we now move on to deriving
the 3D complementary filter using IMU data as outlined in Section 4.2.3.

4.2.3 Complementary Filter on Quaternions

Having the one-dimensional complementary filter, we can extend it to three-dimensional
rotation. In order to achieve a high-precision three-dimensional attitude estimation, we
introduce the Madgwick filter here. Madgwick filter is primarily used for attitude estima-
tion, utilizes data from the accelerometer, and applies it to the orientation propagation.
It becomes particularly effective when the visual-inertial sensor is nearing a uniform state
and demonstrating steady motion as the assumption in 4.2.1. In scenarios where there
is an absence of external acceleration (i.e., the sensor is either in a state of uniform mo-
tion or remains steady), the gravitational field is expected to align with the acceleration
measurement field. This alignment is a critical aspect of maintaining the accuracy of the
attitude estimation, and can be described by:

a = q⊕
⊤

iw q+iwg = Riw(q)g. (4.7)

The Riw can be explicitly rewrite as:1− 2q2y − 2q2z 2qxqy − 2qzqw 2qxqz − 2qyqw

2qxqy + 2qzqw 1− 2q2x − 2q2z 2qyqz + 2qxqw

2qxqz − 2qyqw 2qyqz + 2qxqw 1− 2q2x − 2q2y.

 (4.8)

By the alignment of the orientations of the gravitational field and the acceleration
measurement field, it becomes possible to feed back the acceleration to the orientation
estimation. Specifically, when the norm of the incoming acceleration approximates the
magnitude of gravity∥a∥ − ∥g∥ < πsh, the orientation estimation derived from the ac-
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celerometer can be calculated by minimizing the error term by solving (4.9) and (4.10).

argmin
qa

f(qa, g, a). (4.9)

f(qa, g, a) = Riw(qa)g − a. (4.10)

Where qa denotes the orientation solved by accelerometer measurement. Assuming that
the direction of gravity is aligned with the vertical direction, or z-axis during the UAV
flight task. By substituting g = (0, 0, 1) and the normalized accelerometer measurement
â, we can obtain a simplified version of the objective function and the Jacobian, as defined
by (4.11) and (4.2.3).

f(qa, g, a) =

2qxqz − 2qyqw − ax

2qyqz + 2qxqw − ay

1− 2q2x − 2q2y − az

 , (4.11)

and the Jacobian of f(qa, g, a) is defined by:

Jqa(qa, g, a) =

−2qy 2qz −2qw 2qx

2qx 2qw 2qz 2qy

0 −4qx −4qy 0.

 (4.12)

This optimization problem can be solved by the gradient descent algorithm:

qa(n+ 1) = qa(n)− µ
∇f(qa(n), g, a)

∥∇f(qa(n), g, a)∥
, n = 1, 2, ..., n, (4.13)

where ∇f(qa(n), g, a) = J⊤
q (qa(n), g, a)f(qa(n), g, a). An appropriate value of µ will en-

sure the convergence rate of q is limited to the physical orientation rate as this avoids
overshooting due to an unnecessarily large step size. The range of a reasonable µ is given
by [145] as in (4.14).

µ = α∥q̇a∥∆t, α > 1 (4.14)

Thus the orientation by the accelerometer is solved and can be further fused with the
orientation estimate by the gyroscope measurement. Initially, the fuse orientation is
given by (4.15) as in (4.2) and (4.6) :

q(t) = γqa + (1− γ)qw, 0 ≤ γ ≤ 1. (4.15)
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Following [145], (4.15) is converted to (4.16)

q(n) = q(n− 1) + q̇∆t, (4.16)

where q̇ is given by (4.17):

q̇ =
1

2
qw ⊗ w − β

∇f(qa(n), g, a)

∥∇f(qa(n), g, a)∥
. (4.17)

The orientation given by (4.16) is fed into the pipeline as shown in Fig. 4.1 to offer a
better orientation initialization for the following steps.

4.2.4 Visual and LiDAR measurement model

FLiVIS is composed of VIO and LIO subsystems. The VIO subsystem builds upon our
prior work, FLVIS [8], while the LiDAR measurement model in LIO can be substituted
with any LiDAR odometry. In this study, we employ measurement models based on
Fast-Lio2 [9]. This modular approach allows our LVIO to adapt to a wide range of
environments. It’s worth noting that the same LiDAR point registration method may yield
significantly different results in varying environments. This study emphasizes the use of a
complementary filter for IMU data processing and a framework based on feedforward and
feedbacks for sensor fusion. As a result, we decouple the visual and LiDAR measurement
models from the feedforward-feedback based LVIO system. The following sections will
provide a detailed introduction to both the visual and LiDAR measurement models.

VIO Subsystem

The visual measurement model, shown in Fig. 4.3, is based on the extraction of visual
feature points and the minimization of re-projection error. The 3D points are obtained
through triangulation. The 3D points are then reprojected onto the image plane to com-
pute the re-projection error with their 2D matches. Denote a 3D point Pi = [Xi, Yi, Zi]⊤
and its corresponding 2D point pi = [ui, vi]⊤. Take the camera intrinsic matrix Kc, we
can solve the camera pose by minimizing the re-projection error as follows:

Tc = argmin
Tc

1

2

N∑
i=1

∥pi −KTPi∥2. (4.18)
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20

IV-D FLVIS-LiDAR·Visual measurement model

FLiVIS的VIO子系统基于我们之前的工作FLVIS，Visual measurement model是基于
视觉特针点提取并最小化reprojection error的。其中3D点有双目三角化得到，然后将
其重投影到图像平面。

slam14讲 P184

pi

Pi

ei

Figure 4.3: Visual measurement model, the error is the 2D distance between the 3D
waypoint Pi and the 2D image point pi on the image plane.

LIO Subsystem

In the LIO subsystem of FLiVIS, the LiDAR measurement model is based on the point-
to-plane measurement model of the ikd-tree [9]. The points collected by the LiDAR
are first back-propagated through the IMU data and timestamps to obtain undistorted
point clouds. As shown in Fig. 4.4, the nearest point is obtained through the K-nearest-
neighbor search, Qj is a point in the K nearest neighbor of the point Pi, and the norm
ni is calculated. Finally, the pose of the LiDAR is obtained by minimizing the following
cost function:

TLiDAR = arg min
TLiDAR

1

2

N∑
i=1

∥ni(TLiDARPi −Qj∥2). (4.19)

LIO and VIO Fusion

The entire system relies primarily on LIO (LiDAR-Inertial Odometry), with the state
variables maintained by the ESIKF (Error-State Iterated Kalman Filter). During the
predict stage, the roll and pitch are estimated using IMU data processed by the Madgwick
Filter [8], given that the IMU frame rate is significantly higher than that of the LiDAR.
The visual module is mainly utilized for colorizing the point cloud during the mapping
process. As illustrated in Fig. 4.1, we take the output of LIO as the reference and transmit
it to the VIO (Visual-Inertial Odometry), enabling the VIO to perform only frame-to-
frame updates. We have also incorporated content on thermal mapping. Fig. 4.5 (a)
and (b) display the RGB image and thermal image of the same scene from the VIVID
Dataset. It can be observed that the RGB image is relatively clear, whereas the thermal
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21

IV-D FLVIS-LiDAR·LiDAR measurement model

FLiVIS 的 LIO子系统中lidar measurement model是基于ikd-tree的点到平面的
measurement model。lidar采集的点首先通过IMU数据和时间戳进行back-
propagation得到undistort的点云。然后通过knn得到最近的点，并求norm，然后再
通过最小化如下cost function得到lidar的相对位姿：

ni

Pi

Qj

Figure 4.4: LiDAR measurement model, the vector between point Pi(in red) in the current
scan and its neighbor point Qj(in green) is orthogonal to the normal vector of the k-nearest
neighbors of Pi.

image contains very few distinct features. In scenarios with scarce image features, the VIO
operates in a degenerate state; thus, we rely more heavily on the LIO submodule, with
the images solely used for point cloud colorization. This approach ensures that colorized
point clouds can still be obtained even under visually degenerate conditions, such as in
thermal-LiDAR-inertial mapping. The results of the colorized point clouds are presented
in Fig. 4.5.

4.3 Experiments

In this section, we evaluate the proposed system using the public dataset KITTI [10] and
NTU-Viral [11] to simulate the running environments of both ground and aerial vehicles.
The VIO, LIO subsystems, and the LVIO system are tested. An ablation study is also
conducted to demonstrate the effects of the Madgwick filter introduced in 4.2.3.

4.3.1 KITTI Dataset

In this section, we compare the performance of FLiVIS with three state-of-the-art algo-
rithms, namely FLVIS [8], LOAM [63], and line-based LVO [146], utilizing the KITTI
dataset [10]. Given that the frequency of the LiDAR, visual, and IMU data is 10HZ, The
LIO and VIO subsystems update at the same frequency. Our primary data sources are
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(a) (b)

(c) (d)

Figure 4.5: LIO and VIO fusion results. (a) RGB images of the building. (b) Thermal
image of the building. (c) Point cloud map colorized by RGB images. (d) Point cloud
map colorized by thermal images.
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LiDAR data and stereo images. For FLVIS, we retained the same parameters as our pre-
vious setting in our previous work. Fast-Lio, serving as the LO subsystem, forms FLiVIS
in conjunction with FLVIS. For LOAM [63], scan-to-scan LiDAR odometry and scan-to-
map optimization are employed. The results of the LVO [146] are consistent with those
reported in the original paper, as no open-source code is available. It is worth noting that
the original paper did not include information regarding rotation error for the line-based
LVO method. Thus, a comparison of rotation error between the studies cannot be made.

The relative translation error is shown in Table 4.1, the LVO-based methods are more
accurate than the VO-based and LO-based methods for all sequences. While the line-
based LVO [146] achieves the highest accuracy in sequences 04, 06, and 10, the average
accuracy of FLiVIS exceeds the line-based LVO [146] by a large margin. It should be
noted that the accuracy of LOAM, as presented in Table 4.1, is not as accurate as the
results reported on the KITTI odometry leaderboard. This discrepancy can be attributed
to the focus on real-time performance. Therefore, the canonical LOAM [63] was chosen
as our baseline. The LOAM results showed on the KITTI odometry leaderboard do not
operate in real-time. Instead, they were processed at a rate that is 10% of real-time speed,
taking approximately one second to process a single scan. For more details, please refer
to Section 7.4 of [112].

Table 4.1: Quantitative Results on KITTI Dataset

VO LO LVO

Sequence FLVIS LOAM line-based LVO FLiVIS

02 2.30/5.7 1.33/15.7 1.38 0.58/1.5
04 2.77/5.6 1.39/4.7 0.42 0.54/0.5
06 2.14/2.4 1.29/5.6 0.61 1.1/1.8
08 1.22/5.2 0.64/5.2 1.27 0.32/1.3
10 1.18/2.5 1.97/6.5 0.83 0.84/0.8

average 1.92/4.28 1.32/7.54 0.90 0.68/1.02

Note that the performance is represented in ’A/B’ format, where ’A’ indicates the
relative translation error in %, and ’B’ indicates the relative rotational error in 10−3

degrees per meter.

Outdoor scenes pose significant challenges for visual odometry due to factors such as
changes in lighting and a lack of feature points. When there are too few feature points
within the camera’s field of view to perform feature tracking and matching, FLVIS may
fail or be subject to drift, Fig. 4.6 shows a challenging scene for VIO where more than
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half of the image is occupied with the sky. Visual feature points are concentrated in the
middle and lower parts of the image, with a very focused distribution. This can easily
lead to divergence during the optimization process, causing drift in visual odometry, and
even failure.

Figure 4.6: Challenging scene for feature-based VIO, where the majority of an image is
occupied by the sky, with feature points concentrated in the middle and lower parts of
the image. This situation can easily lead to the failure of feature tracking algorithms, and
the pose estimation algorithm may become unstable, or even diverge.

The system becomes more robust after incorporating LiDAR odometry. When visual
odometry encounters a failure, the system re-initializes visual odometry based on the
output of LiDAR odometry. A qualitative comparison between the SVIO FLVIS and
proposed LVIO FLiVIS can be seen in Fig. 4.7, it shows the result of the two algorithms
on sequence 12 in the KITTI dataset. The error of FLiVIS is smaller than that of FLVIS,
and along the whole trajectory, it is aligned with the ground truth.

4.3.2 NTU-Viral Dataset

As stated in [11] Section 1.1, there exists a distinct dichotomy between aerial and ter-
restrial autonomous vehicles, characterized by the differences in their onboard sensors
selection and movement dynamics. In the past, 3D LiDAR was often disregarded for
aerial datasets due to payload constraints. The emphasis is typically on high frame-rate
camera systems, which provide self-localization capabilities during high-speed and ag-
gressive maneuvers. VIO and V-SLAM systems have been extensively studied to handle
increasingly extreme conditions. With the development of LiDAR technology and the
challenges of increasingly complex environments, there is now a trend towards equipping
UAVs with LiDAR. The NTU-Viral dataset collected data across various outdoor sce-
narios with a UAV equipped with LiDAR-visual-inertial and UWB sensors. It provides
ground truth data for evaluating the accuracy of SLAM algorithms.
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Figure 4.7: Qualitative comparison on KITTI dataset. (a) FLVIS result, and (b) FLiVIS
result.

The sensor selection for the NTU-Viral dataset is similar to other autonomous driving
datasets, but the installation method differs due to the structure of the drone. On the
drone, one LiDAR points downwards and another is horizontal. The small baseline does
not affect the performance of SVO in indoor environments, but in outdoor environments
with greater depth, it poses additional challenges for stereo triangulation.

From the perspective of data collection, there are significant differences between aerial
and ground datasets. Ground vehicles can essentially be considered as moving on a two-
dimensional plane, while drones experience large changes in roll and pitch. Drones often
perform actions of acceleration and sudden stops. The aerial dataset is smaller than the
ground vehicle dataset because the endurance time of ground vehicles far exceeds that
of small drones. Shorter paths and more intense motion make drone positioning more
challenging than ground vehicle positioning.

Accuracy Comparison

The performance of FLiVIS with state-of-the-art SLAM algorithms using different sensor
combinations, i.e. Vins-fusion [75], M-LOAM [147], Fast-livo [76], LVI-SAM [92], and
Fst-livo2 [148] are evaluated and compare in this section. As can be seen from Table
4.2, FLiVIS achieved the highest accuracy in all sequences, and it performed better than
Fast-LiVO, which is also an LVIO. It can be observed that the localization accuracy
progressively increases from VIO to LO and then to LVIO. This is because LO results
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Table 4.2: Absolute Trajectory Error in (m) on NTU-Viral Dataset

Seq. num Vins-fusion M-LOAM Fast-livo LVI-SAM FLiVIS Fast-livo2

eee_01 0.608 0.249 0.280 3.901 0.130 0.068
eee_02 0.506 0.166 0.170 0.128 0.125 0.051
eee_03 0.494 0.232 0.230 0.287 0.162 0.068
sbs_01 0.508 0.173 0.290 0.254 0.142 0.062
sbs_02 0.564 0.147 0.220 0.221 0.140 0.061
sbs_03 0.878 0.153 0.220 0.309 0.132 0.060

average 0.593 0.187 0.235 0.239 0.138 0.0616

are more reliable under varying lighting conditions, and during intense movements, IMU
data provides additional robustness1.

(a) (b)

Figure 4.8: Trajectory of FLiVIS on the NTU-Viral dataset. (a) sequence eee_03, and
(b) sequence sbs_03.

Fig. 4.8 shows the trajectories of FLiVIS and ground truth in the eee_03 sequence
and sbs_03 sequence. Compared with Fig. 4.7, it can be seen that the drone’s motion

1Our method FLiVIS was developed from 2023 to early 2024, which outperforms all the compared
state-of-the-art methods published before 2024, while its accuracy is lower than that of Fast-livo2 (2025).
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trajectory is more curved and irregular, while the vehicle’s motion trajectory is almost
a smooth curve. Moreover, the drone’s motion range is smaller, with the overall range
within 100 meters, while in Fig. 4.7, the vehicle’s motion range in the x and y directions is
over 1000 meters. Despite this, the trajectory derived from FLiVIS is almost identical to
the ground truth, demonstrating the accuracy and robustness of the method we proposed.

Fig. 4.9 shows the LiDAR mapping result and the alignment of LiDAR mapping with
Google Maps. It can be seen that the LiDAR map aligns well with Google Maps.

(a) (b)

Figure 4.9: Mapping result of School of Biological Sciences, (a) LiDAR mapping result,
and (b) top-down view of LiDAR mapping aligns with Google map.

Computational Cost Comparison

The average computational time per LiDAR scan and image frame of our proposed sys-
tem were tested on a laptop (Lenovo ideapad s530-131wl) equipped with an Intel Core
i7-8565U CPU and 8 GB RAM. Our evaluations span the public NTU-VIRAL dataset,
covering typical indoor-outdoor hybrid scenes in the sequence. Compared with the high-
end desktop platform (Intel i7-10700K, 32GB RAM) used in Fast-LIVO2, the Lenovo
ideapad s530-131wl adopts a low-power mobile CPU with weaker computational perfor-
mance (fewer cores and lower base frequency). As a result, both FLVIS and Fast-LIVO2
show increased processing time on this laptop platform, which conforms to the inherent
correlation between hardware performance and algorithm computational efficiency. The
detailed computational time of each sequence and the average value are summarized in
Table 4.3, where the total processing time of each method is the sum of LiDAR sub-
module time and image (stereo image for FLVIS) sub-module time. Our processing time
is slightly slower than that of Fast-LIVO2. While Fast-LIVO2 outperforms our method in
both accuracy and processing speed, its algorithm imposes extremely high requirements
on hardware synchronization. In contrast, our approach adopts a loosely coupled method,
enabling us to obtain colorized point clouds at a lower cost.
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Table 4.3: Computational Time (ms) on i7-8565U, 8GB RAM evaluated on NTU-Viral
Dataset

Seq. num FLiVIS (LiDAR/stereo image) Fast-LIVO2 (LiDAR/image)

eee_01 42.74 (19.27 / 23.47) 35.47 (19.65 / 19.16)
eee_02 39.54 (19.05 / 20.48) 36.18 (18.47 / 16.61)
eee_03 38.41 (16.91 / 21.50) 37.36 (17.79 / 17.34)
sbs_01 39.14 (18.42 / 20.72) 35.81 (15.92 / 16.56)
sbs_02 40.18 (18.77 / 21.40) 37.14 (19.02 / 17.00)
sbs_03 44.51 (19.72 / 24.79) 36.18 (20.29 / 16.61)

average 40.75 (18.69 / 22.06) 36.36 (18.69 / 17.21)

4.4 Conclusion

In this work, we introduce a LiDAR-stereo-visual-inertial pose estimation method, which
comprises an LIO subsystem and a VIO subsystem. The issue of sensor fusion is ap-
proached from a frequency domain perspective, and data from different sensors are inte-
grated using a complementary filter. Our proposed system has been tested on the KITI
and NTU-Viral datasets, achieving a relative translation error of 0.68 % and an absolute
translation error of 0.138 m respectively. These results are competitive with those of other
state-of-the-art algorithms.
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Map Optimization Based on LiDAR
Bundle Adjustment

5.1 Research Background

Contemporary robotic automation systems have emerged as a revolutionary force in in-
dustrial evolution, fundamentally enhancing workplace safety protocols and redefining
workforce efficiency standards. These advancements are particularly evident in mission-
critical sectors such as national infrastructure preservation and urban security operations.
In many hazardous industrial scenarios, robots can replace human workers, reducing their
exposure to danger. Continuous 24-hour patrols can ensure equipment safety and reduce
the labor burden on workers [12]. UAVs offer visual assessments of structures, eliminating
the need for manual inspections. This approach can reduce inspection costs, minimize
public disruption, and provide engineers with a better three-dimensional understanding
of the system [13]. Common examples include high-risk infrastructure inspection, such as
bridge structural health monitoring [105], or power line patrolling [106].

The current mainstream architecture of autonomous robotic systems has formed a
standardized paradigm consisting of four core modules: SLAM (Simultaneous Localiza-
tion and Mapping), motion control, path planning, and environmental perception. UAVs
or aerial robots development also follows this paradigm, with the development of the
open-source community significantly accelerating the technology implementation process.
SLAM subsystems typically employ LiDAR-inertial-camera fusion pipelines [14]. Motion
control layers implement suitable controllers according to different types of robot mod-
els, for example, MPC schemes with disturbance observers [15]. Path planning modules
integrate sampling-based algorithms (RRT*/A*) [16] to find a path in the presence of ob-
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1.3  Autonomous Inspection System-System Architecture
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Figure 5.1: Bridge inspection system architecture, from sensor fusion to perception, plan-
ning, and control

stacles through collision checking. Environmental perception stacks leverage deep learning
architectures for multimodal sensor fusion and target detection [17], segmentation [18],
for object recognition tasks.

Despite significant progress, existing systems still have three core deficiencies: Firstly,
the accuracy of LiDAR mapping is insufficient, as point cloud mapping is often noisy and
fails to meet the precision requirements for bridge management. Secondly, the geometric
maps produced by mainstream SLAM systems lack semantic layers, making it difficult
for inspection robots to understand the functional attributes of specialized components
such as "bridge expansion joints" or higher-level semantic information. Thirdly, a bidirec-
tional closed-loop between simulation and reality has not yet been established. Current
sim2real technologies only achieve unidirectional transfer, lacking a reverse optimization
mechanism for simulation models using real data. To address the above bottlenecks, this
study proposes a hierarchical semantic SLAM framework and a bidirectional sim2real
system. Innovatively, it constructs a three-level semantic map architecture: the bottom-
level geometric layer (point cloud), the mid-level component layer (associating geometric
elements and features), and the top-level functional layer (semantic information collec-
tion for bridge management, etc.). The main contribution of this work are concluded as
follows:

• Structural Feature-Enhanced LiDAR Bundle Adjustment: Incorporates structural
primitives (corner points, linear edges, planar surfaces) into LiDAR bundle adjust-
ment. Improve map consistency in feature-deprived environments like bridges.
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Figure 5.2: Visual bundle adjustment illustration.

• Hierarchical Semantic SLAM Architecture: Geometric Layer: High-fidelity 3D point
clouds with topology-aware feature descriptors; Structural Layer: Parametric mod-
els of load-bearing components via automatic CAD template matching; Semantic
Layer: Semantic attributes fused via 3DSG.

• Bidirectional Sim2Real Framework with Physical Consistency: Dual validation across
Gazebo simulation and physical bridge environments, enables full-coverage struc-
tural inspection.

5.2 Methodology

The front-end introduced in 4 can be used for online inspection; however, for infrastruc-
ture management, the accuracy of front-end mapping is often insufficient. Whether using
LiDAR mapping or visual mapping, the results are frequently noisy, and there can be
inconsistencies between different inspection tasks. Therefore, back-end processing is nec-
essary for long-term infrastructure management. Typically, BA techniques are used for
back-end processing.

While both LiDAR and visual odometry in the front-end yield noisy outputs and cross-
task inconsistencies that hinder their application in long-term infrastructure management,
back-end optimization via BA techniques addresses this critical limitation. Among these
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approaches, visual BA has achieved substantial maturity through decades of extensive
research, with its core framework, as shown in Fig. 5.2, well-established in the field. visual
BA typically employs feature extractors and descriptors (e.g., SIFT [149], ORB [150]) to
align cross-frame visual features, then jointly optimizes the 3D coordinates of landmarks
and camera poses. In contrast, LiDAR bundle adjustment remains in its infancy, having
received far less attention and lacking a readily visualizable conceptual framework.1.3 Fifteen inch-Outdoor Mapping

12
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Pose2

Pose3

Pose1 Pose2 Pose3

(a)
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Figure 5.3: LiDAR bundle adjustment illustration. (a) Raw LiDAR point cloud, red for
the first frame, green for the second frame, and blue for the third frame. (b) Point cloud
map after LBA

LBA has drawn methodological insights from visual BA, specifically adopting the
paradigm of refining LiDAR reconstructions to optimize 3D scene structures and LiDAR
poses jointly. We depict the LBA process in Fig. 5.3, the LiDAR captures raw data
of a gymnasium at different poses, and the raw point cloud is then aligned by the LBA
algorithm. Notably, while both visual BA and LBA integrate bundle adjustment with
uncertainty modeling, they differ fundamentally in three key aspects:

• Differences in the intrinsic nature of observation sources and data characteristics.

• Differences in the origins and modeling logic of uncertainty.

• Differences in the optimization objectives and constraints of bundle adjustment.

These fundamental discrepancies not only distinguish the two approaches but also under-
score the unique innovative value of LBA.

Feature-based visual SLAM requires feature point extraction, resulting in sparse maps,
whereas LiDAR mapping can provide dense point cloud mapping. In this section, we
introduce LiDAR-BA based on the SLAM front-end FLiVIS. When performing LBA, it
is impossible to find accurate point-to-point correspondences as with cameras. Therefore,
plane and line features are commonly used. Here, we introduce LBA in the order of
point-to-line-to-plane.
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5.2.1 LBA without Uncertainties

we derive the deterministic LBA method based on [100].

Point-to-Point LBA Suppose we have Mframe point cloud sets. Each frame contains
Npoint points, Nline lines, and Nplane planes S1 = {p11, . . . , p

Npoint

1 } and S2 = {p12, . . . , p
Npoint

2 }.
If the two point clouds are correctly registered, then for the matching point pairs pi1 ∈ S1,
and pj2 ∈ S2, the following equation holds:

pi1 = T12p
j
2. (5.1)

The optimization goal becomes:

T ∗, p∗ = arg min
T,p

1

N

M∑
i=1

N∑
j=1

∥∥Twip
j
i − qjw

∥∥2
2
. (5.2)

However, since point-wise matching is only achievable in simulated data and impossible for
LiDAR point clouds, the point-to-point LBA is included solely for theoretical completeness
and will not be applied in the code implementation.

Point-to-Edge LBA The goal of point-to-edge BA is to minimize the distance from
each edge feature point pi to the corresponding edge line. The edge is represented by the
center point q and the direction vector d. The j-th line in the world frame is lj = (qj, dj),
and the sum of the squared distances from the point to the line is:

(T ∗, q∗, d∗) = (5.3)

argmin
T,n,q

1

N

M∑
i=1

N∑
j=1

∥∥∥(I − djwd
j
w

⊤
)(Twip

j
i − qjw)

∥∥∥2
2
,

where djw is the j-th edge direction unit vector in the world frame
The optimization problem can also be decomposed into:

(T ∗, q∗, d∗) = (5.4)

argmin
T

(
min
q,d

1

N

M∑
i=1

N∑
j=1

∥∥∥(I − djwd
j
w

⊤
)(Twip

j
i − qjw)

∥∥∥2
2

)
.

According to [100], its analytical solution is determined by the trace and maximum

73



Chapter 5. Map Optimization Based on LiDAR Bundle Adjustment

eigenvalue of the matrix A:

min
n,q

1

N

M∑
i=1

N∑
j=1

∥∥∥(I − djwd
j
w

⊤
)(Twip

j
i − qjw)

∥∥∥2
2

(5.5)

= Tr(A)− λ1(A) = λ2(A) + λ3(A),

where:

• Tr(A) = 1
N

∑N
i=1 ∥pi − p̄∥22: trace of matrix A

• p̄ = 1
N

∑N
i=1 pi: mean of feature points

• A = 1
N

∑N
i=1(pi − p̄)(pi − p̄)⊤: covariance matrix

• d∗ = u2: eigenvector corresponding to the second largest eigenvalue λ2(A)

• λ3(A): minimum eigenvalue of A, corresponding to eigen vector n∗ = u3

• q∗ = p̄: optimal reference point

That is, project all the points of the M frame to the world coordinate system, overlap
them, and reduce the next two eigenvalues of the points corresponding to each line.

Point-to-Plane BA The goal of point-to-plane BA is to minimize the sum of the
squared distances from each planar feature point pi (whose position depends on the pose
Tsi) to the plane plane = (q, n) q and normal vector n, j-th plane in i-th frame is planeji =
(qji , n

j
i ), point to line:

(T ∗, n∗, q∗) = argmin
T,n,q

1

N

M∑
i=1

N∑
j=1

(
nj
w

⊤
(Twip

j
i − qjw)

)2
, (5.6)

Where:

• n: Plane normal vector (unit vector)

• q: any reference point on the plane

The optimization problem can be decomposed into two steps:

(T ∗, n∗, q∗) = (5.7)

argmin
T

(
min
n,q

1

N

M∑
i=1

N∑
j=1

∥∥∥nj
w

⊤
(Twip

j
i − qjw)

∥∥∥2
2

)
.
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As with [100], its analytical solution is related to the eigenvalues of the matrix A:

argmin
T

(
min
n,q

1

N

M∑
i=1

N∑
j=1

∥∥∥nj
w

⊤
(Twip

j
i − qjw)

∥∥∥2
2

)
= λ3(A), (5.8)

where:

• p̄ = 1
N

∑N
i=1 pi: mean of feature points

• A = 1
N

∑N
i=1(pi − p̄)(pi − p̄)⊤: covariance matrix

• λ3(A): minimum eigenvalue of A, corresponding to normal vector n∗ = u3

• q∗ = p̄: optimal reference point

That is, project all the points of the M frame to the world coordinate system, overlap
them, and reduce the smallest eigenvalue of the points corresponding to each line. The
ultimate goal of the BA problem can be unified as minimizing the eigenvalue function:

T ∗ = argmin
T

λk(p(T )), (5.9)

where p = [p⊤1 , . . . , p
⊤
N ]

⊤ represents the set of all feature points, and λk depends on the
feature type (plane is λ1, edge λ1 and λ2; point λ1, λ2, and λ3).

Many methods use voxels to process LiDAR point clouds, balancing computational
speed and accuracy, but this approach is effective only in environments with specific
structural features. Since point-wise matching is impossible, we introduce uncertainty
from conventional LiDAR odometry, shifting from point-to-point ICP to weighted ICP or
NDT. This incorporates uncertainty and seeks solutions for point-to-point matching and
LiDAR BA from a statistical perspective. Multi-frame point cloud registration, typically
completed iteratively using the EM algorithm, is an offline method unsuitable for robotic
applications. Therefore, we integrate existing LBA concepts [100] with EM-based multi-
frame point cloud registration [97] to propose an LBA with uncertainties method for point
cloud refinement.

5.2.2 LBA with Uncertainties

In the above lidar BA process, line and surface features are implicitly expressed, and
the optimization is done by minimizing the λ in each voxel or point cluster, without
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considering uncertainty. Although there is a line direction vector or plane normal vector
when calculating the error at the beginning, it does not appear in the optimization process.
We now solve this problem from a probability perspective and derive explicit features as
mapping components for infrastructure management.

Point-to-Point LBA with uncertainty Recall point-to-point LBA in (5.2), each
point and its variance are represented as pi ∼ N (µi,Σi) Assume there is a virtual frame
V ∼ N (µGT ,ΣGT ), where the µGT is the ground truth mean value of the point cluster
and ΣGT is the ground truth covariance of the point cluster. After the transformation T ,
the probability likelihood function of each point matching the virtual frame is

P ({pi}|T, q) =
N∏
i=1

N
(
(Twiu

j
i − uj

w); 0,Σproj
)
. (5.10)

Taking −Log() of the probability density function gives

− Log(argmaxP ({pi}|T, q)) = (5.11)
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Then take the negative logarithm of the probability density function
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Then, the cost function becomes:
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Point-to-Edge LBA with uncertainties For point-to-edge LBA, similarly, we as-
sume that there is a virtual frame with an edge (qgt, dgt), and then transform the points
on this edge of other frames to the virtual frame through the transformation matrix T ,
and then calculate the point-to-edge error, and weighted error with covariance
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The geometric error from point to line is defined as the distance projected to the
normal plane:

ei = (I − djwd
j
w

⊤
)(Tpji − qjw) (5.14)

Introducing the probability model and covariance weighting, assuming that the noise
of the measurement point pji obeys an anisotropic Gaussian distribution:

p̂ji ∼ N (pji ,Σp) (5.15)

The covariance matrix of the projection error is:

Σproj = (I − djid
j
i

⊤
)Σp(I − djid

j
i

⊤
) (5.16)

The point-to-edge alignment probability density function is given by

P ({pi}|T, d, q) = (5.17)
M∏
i=1

N∏
j=1

N
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⊤
)(Tpji − qjw); 0,Σproj

)
.

Construct a weighted cost function through Mahalanobis distance:

argmin
T,n,q
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The final optimization form is:

(T ∗, d∗, q∗) = (5.19)

argmin
M∑
i=1

N∑
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∥∥∥(I − djwd
j
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⊤
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p︸ ︷︷ ︸
weighted projection error

.

Point-to-Plane LBA with uncertainty For point-to-plane LBA, similarly, we as-
sume that there is a virtual frame with a plane (qgt, ngt), and then transform the points
on this plane of other frames to the virtual frame through the transformation matrix T ,
and then calculate the point-to-plane error, and weighted error with covariance.
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The geometric error from point to plane is a scalar projection:

ei = nj
w

⊤
(Twip

j
i − qjw) (5.20)

Assume that the noise of the measurement point pi follows a Gaussian distribution:

p̂ji ∼ N (pji ,Σp) (5.21)

The variance is the projection variance in the normal direction:

Σproj = nj
w

⊤
Σpn

j
w (5.22)

By constructing the objective function through the Mahalanobis distance, we give the
derivation of the weighted cost function:

argmin
T,n,q

M∑
i=1

N∑
j=1

∥∥∥nj
w

⊤
(Twip

j
i − qjw)

∥∥∥2
Σproj

(5.23)

Final optimization form

(T ∗, n∗, q∗) = argmin
T,n,q

M∑
i=1

N∑
j=1

(
nj
w
⊤
(Twip

j
i − qjw)

)2
n⊤Σpn︸ ︷︷ ︸

weighted scalar error

(5.24)

Through the above formulation, points, lines, and planes in LBA are explicitly mod-
eled, by assuming that there is a virtual frame that can give a reference to all points, lines,
and planes in all frames, and then align the point cloud of each frame with these features.
Then, we use the gradient descent method to optimize the error of the overlapping point
cloud relative to each feature, and thus jointly optimize point cloud distribution and
sensor measurement.

5.3 Experiment

Our experimental evaluation is structured into two complementary parts, designed to
comprehensively assess the efficacy and robustness of LiDAR bundle adjustment (BA)
methods under both controlled and real-world conditions.

First, we conduct a performance comparison of various LiDAR BA approaches us-
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ing synthetic data. This controlled setting allows us to precisely characterize algorithmic
behavior in the presence of known ground-truth trajectories and point cloud geometry, en-
abling quantitative analysis of accuracy, convergence properties, computational efficiency,
and sensitivity to noise or initialization errors.

Second, we evaluate the same set of LiDAR BA methods on real-world data collected
during a full-coverage structural inspection of a bridge. This dataset presents practical
challenges such as repetitive geometric structures, dynamic environmental conditions,
and sensor noise—factors that are difficult to replicate in simulation but critically impact
real-world performance. By comparing results across both synthetic and real scenarios,
we aim to provide insights into the generalizability, reliability, and operational suitability
of current LiDAR BA techniques for infrastructure inspection tasks.

5.3.1 Lidar Bundle Adjustment on Synthesis Data

The LiDAR BA algorithms constitute the backend of geometric SLAM, and also serve
as the intermediate layer within the entire semantic SLAM pipeline. A well-established
geometric map provides the foundation for subsequent semantic mapping and inspection.
Our experiments follow the methodology of BALM [100] and BALM2 [2] for comparative
analysis. Specifically, we first conduct Monte Carlo simulations using synthetic data,
followed by bridge mapping with GT models, and finally perform voxel count comparisons
without GT models.
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Figure 5.4: Cube feature point cloud before and after LiDAR BA. (a) Before LiDAR BA.
(a) After LiDAR BA.

(a) (b) (c)

Figure 5.5: Different types of features for LiDAR BA in the simulation. (a) Plane features.
(b) Edge features. (c) Corner features.

Following [100] and [151], our synthetic data consists of randomly generated poses
along with cube, line, and corner point features. The cube feature point cloud before and
after LiDAR BA is shown in Fig. 5.4, and the other types of point cloud features after
LiDAR BA are depicted in Fig. 5.5. For each feature, the simulator also generates local
observations within individual frames. Feature correspondences across different scans are
pre-established. Furthermore, to demonstrate the strengths and weaknesses of different
methods, we evaluated their performance under varying parameter configurations. These
configurations include the number of features (planes, lines, and corner points), the num-
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Figure 5.6: Comparison of accuracy and computational efficiency with benchmarks under
different experimental configurations.(a)–(c): Fixed point cloud noise (5 cm) and LiDAR
pose count (15), feature number 4–256; (a) rotational accuracy, (b) translational accuracy,
(c) computational time.(d)–(f): Fixed point cloud noise and feature number (256), LiDAR
pose count 2–17; (d) rotational accuracy, (e) translational accuracy, (f) computational
time.(g)–(i): Fixed feature number (256) and LiDAR pose count (15), point cloud noise
1–8 cm; (g) rotational accuracy, (h) translational accuracy, (i) computational time.

ber of poses, and observation noise σ. Evaluations were performed using observation sets
generated with predefined parameters.

The evaluation results are illustrated in Fig. 5.6, where the 3×3 subfigures are orga-
nized to investigate the impact of three key variables (number of features, LiDAR pose
count, and point cloud noise) on algorithm performance.

Specifically, Row 1 presents results under the setup where point cloud noise is fixed at 5
cm, LiDAR pose count is set to 15, and the number of features varies from 4 to 256. Under
this configuration, our method outperforms all benchmark methods in both rotational and
translational accuracy. In contrast, BALM2 [2] achieves the fastest computation speed
but exhibits unstable performance when the number of features is small. Row 2 reports
experiments with fixed point cloud noise, a fixed feature count of 256, and LiDAR pose
count varying from 2 to 17. The results indicate that rotational accuracy is minimally
affected by the number of LiDAR poses across all methods, while BALM1 and BALM2
exhibit significantly larger variances in translational accuracy when the number of LiDAR

81



Chapter 5. Map Optimization Based on LiDAR Bundle Adjustment

poses is limited. Row 3 shows performance under the setup where feature count is fixed at
256, LiDAR pose count is set to 15, and point cloud noise ranges from 1 cm to 8 cm. Our
method consistently achieves the smallest translational error across all noise levels. For
rotational accuracy, it outperforms other methods when noise is low; as noise increases,
its rotational error becomes comparable to that of other benchmarks, but it maintains
the smallest variance, demonstrating superior robustness.

Overall, our proposed formulation achieves state-of-the-art performance in both accu-
racy and robustness compared to existing methods. A key reason for this advantage is
that most benchmark methods do not explicitly model line and corner points, leading to
suboptimal coefficient estimation and thus inaccurate pose results. In contrast, our for-
mulation integrates the states of line and corner points into the optimization framework,
which provides additional geometric constraints. These constraints enable the estima-
tion of optimal coefficients given the current pose estimates, effectively minimizing the
objective function and enhancing both accuracy and robustness.

5.3.2 Bridge Mapping with GT Model

We verify the effectiveness of the proposed BA in LiDAR mapping experimentally. The
LiDAR odometry executes at 10 Hz. Map refinement, triggered upon receipt of every
fifth scan, consequently runs at 1 Hz. A sliding window buffer holds the 20 latest scans
for processing.

We compare our method with four SOTA methods that focus on the LiDAR BA
problem, namely: Eigen-Factor [99], BALM [100], BAREG [151], and BALM2 [2]. We
assessed the mapping accuracy by comparing the mapping results against a CAD model.
This CAD model was created and updated by the Shenzhen Municipal Road and Bridge
Bureau during the bridge’s construction phase. Data were collected at the Entrepreneur-
ship Overpass in Bao’an District, Shenzhen, China. The satellite map and the CAD
model of the overpass are shown in Fig. 5.7.
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Figure 5.7: The Entrepreneurship Overpass in BaoAn district, Shenzhen, China. (a)
Satellite map, and (b) CAD model.
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Figure 5.8: Data collection platform, a Livox Mid-360 LiDAR and a Realsense D435
RGB-D camera are mounted on a 15-inch UAV.
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The data collection platform, depicted in Fig. 5.8, consists of a Livox MID-360 LiDAR
mounted on a 15-inch quadrotor UAV. We acquired four sequences covering one side of the
overpass. Data collection was limited to this section because the central span traverses a
busy arterial road, while the bridge sections on either side pass over park areas, making
UAV flight over the central roadway impractical due to safety regulations and operational
constraints. Different from the CAD model, vegetation is also present around the actual
bridge structure. The UAV flight path was planned using a pre-established point cloud
map to ensure coverage of the vertical surfaces of the bridge piers and deck, while avoiding
collisions with both the bridge structure and surrounding trees. The actual flight scenario
is depicted in the accompanying Fig. 5.9.

5

Pier

UAV

Deck

Figure 5.9: The UAV is flying around the bridge piers and deck for coverage inspection
task.

All sequences underwent two preprocessing steps: motion undistortion and scan down-
sampling. To compensate for point cloud distortion caused by continuous LiDAR motion
during scanning, we utilized the front-end FLiVIS algorithm. FLiVIS provides an initial
pose estimate for each frame while simultaneously estimating IMU biases (along with other
state variables) and performing real-time motion undistortion of the points. We retained
all points in the scan that had been undistorted by FLiVIS but discarded its odometry
output. Subsequently, the processed data from all sequences were downsampled from the
original 10 Hz to 1 Hz. This subsampling is necessary because the BA method processes
all scans simultaneously, and the 10 Hz scan rate imposes excessive computational load on
any BA approach. This downsampling step is analogous to keyframe selection commonly

84



Chapter 5. Map Optimization Based on LiDAR Bundle Adjustment

employed in visual SLAM frameworks. Finally, the undistorted point clouds and initial
poses were fed into the BA optimizer to solve for an improved mapping result.

Similar to BALM2 [2], in addition to multi-view registration approaches, we also
compared against classical pairwise registration methods, including ICP, GICP, and NDT
implementations from the PCL library, as well as incremental mapping results from LIO
systems (specifically Fast-LIO2 [83] and FLiVIS [125]). The pairwise registration methods
were operated incrementally: each new scan was incrementally registered and merged with
previous scans. To limit computational time, only the last 10 point cloud frames were
used during the registration of each new scan. Pose estimates from LIO outputs served
as the initial trajectory for both feature association and optimization in all BA methods
evaluated, including EF, BALM, BAREG, BALM2, and our proposed approach.

Table 5.1: Voxel Count Comparison Experiment

Sequence G-ICP NDT Fast-Lio EF BALM BAREG BALM2 Ours

Seq. 1 +8874 +6083 +1874 +723 +482 +375 +188 476533
Seq. 2 +8363 +5786 +1851 +740 +500 +396 +196 443825
Seq. 3 +10107 +7109 +2303 +945 +643 +501 +227 664357
Seq. 4 +15104 +10406 +3259 +1270 +857 +668 +258 887590
Seq. 5 +12701 +9204 +3302 +1458 +1024 +822 +332 986545

Note the rightmost column reports the absolute voxel counts produced by our method.
The values for all other methods are presented as positive offsets (indicated with a +),
representing how many more voxels other methods generate compared to our approach.

The bridge components within the CAD model remain accurate and undergo con-
tinuous monitoring, validating their suitability as GT for point cloud map comparison.
However, the central overpass area contains uncontrolled vegetation (grass and trees),
whose growth patterns are unpredictable. Such vegetation is prevalent, particularly in
bridges located away from urban centers, which often exist surrounded by tall trees. Since
botanical models are unavailable for these areas, we adopt a quality assessment method
proposed by Filatov [152] for environments lacking ground truth maps. This approach
partitions space into uniform voxels and counts the number of voxels occupied by LiDAR
points. Higher map quality corresponds to fewer occupied voxels, as accurate multi-scan
registration maximizes point consistency, minimizing spatial dispersion.

Using 0.1 m voxels, Table 5.1 presents the number of occupied voxels. Notably, a
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lower voxel count indicates a more concentrated point cloud and thus a more consistent
surface, whereas a higher count signals greater point cloud noise and poorer mapping per-
formance. To highlight comparative performance, we subtract our method’s voxel count
from that of each other method for each sequence. Results include both our absolute
counts and the relative differences of other methods. Our approach (incorporating cor-
ner and edge features) consistently achieves the lowest occupancy across all sequences,
followed by BALM2, BAREG, and BALM. Incremental methods exhibit notably poorer
performance. This occupancy-based ranking strongly corroborates the structural accuracy
trends observed in bridge model comparisons.

Fig. 5.10 visualizes the alignment between our reconstructed point cloud—obtained by
registering the point cloud to the global map using our estimated poses—and the ground
truth CAD model. Despite operating in unstructured environments, our method performs
well, with the reconstructed point cloud aligning closely with the GT model. To quan-
titatively evaluate mapping accuracy, we compute the distance from each reconstructed
point to its nearest neighbor in the GT geometry and compare our results with those of
BALM2 [2]. As shown in Fig. 5.11, our method achieves mapping errors comparable to
or lower than those of existing approaches. Structural errors primarily stem from pose
estimation inaccuracies and imperfections in point cloud structure optimization.

5.4 Conclusion

Our LiDAR BA approach proposes a novel structural representation using planes, edges,
and corner points optimized for bridge environments. Algorithms based on this archi-
tecture demonstrate exceptional precision in both simulated environments and real-world
experiments. Comparative evaluations against state-of-the-art (SOTA) methods across
both simulated and real-world datasets show our approach surpasses existing benchmarks
in mapping accuracy. Critically, the plane, edge, and corner point features serve as an
intermediate layer connecting semantic and geometric hierarchies. Under full-coverage
path planning, our algorithm successfully detects and localizes all cracks present on the
bridge structure.
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Figure 5.10: LiDAR point cloud mapping visualization results of the southwest corner of
the Overpass.
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Figure 5.11: Comparative analysis of point cloud-to-CAD structural deviations between
our method and BALM2 [2].
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Chapter 6

Hierarchical 3DSG-based
Semantic-Metric Mapping

6.1 Research Background

Under the dual pressures of current population growth and climate change, food security
has become an especially critical challenge for high-density areas like Hong Kong and
Singapore. Smart agriculture, empowered by a multimodal technology cluster integrat-
ing LLM, robotics, and the IoT, is fundamentally reshaping agricultural production sys-
tems. Through the four-dimensional synergy of perception, analysis, decision-making, and
execution, a closed-loop system is established, encompassing data collection, intelligent
decision-making, precise execution, and feedback evaluation. This innovation not only
overcomes the resource efficiency bottlenecks inherent in traditional agriculture but also
establishes a scientific paradigm that supports sustainable development. Driven by this
new ecosystem of scientific instrumentation, this transformation aligns agricultural and
food industries with the United Nations Sustainable Development Goals [19], offering a
technological pathway to resolve food security dilemmas in land and resource-constrained
regions.

To address these imperatives, we have initiated research on autonomous intelligent
vertical farming. Vertical farming addresses critical challenges in densely populated re-
gions (e.g., Hong Kong, Singapore), where arable land is scarce but high-rise buildings
and vacant industrial facilities are abundant. Researchers have developed an integrated
autonomous intelligent vertical farm system combining UAVs with vertical farming infras-
tructure [20]. These systems autonomously regulate light environment parameters and
nutrient delivery strategies through perceptual feedback data, thereby forming an opti-
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mized closed-loop for plant growth. Our work aims to overcome the inherent limitations
of traditional agriculture in terms of resource efficiency and environmental adaptability,
while simultaneously constructing a closed-loop scientific discovery framework for next-
generation smart agriculture.

In recent years, UAV technology has profoundly penetrated various sectors, including
surveillance patrols, logistics transportation [153], and geospatial mapping [154]. At the
intersection of IoT and smart agriculture, UAVs are evolving from conventional opera-
tional tools into intelligent agricultural hubs. Current agricultural scenarios often suffer
from widespread infrastructure deficiencies [155], where insufficient Wi-Fi router and base
station coverage hinders real-time data transmission. As dynamic aerial nodes, UAVs can
establish a "device-edge-cloud" three-tier data transmission architecture [21], effectively
bridging the connectivity gap between farmland and digital systems [22]. Drone swarms
can execute diversified tasks such as seeding, plant protection, and 3D mapping, acquiring
field data through multi-modal sensors. After edge computing preprocessing, agricultural
knowledge graphs are constructed to provide structured data support for AI decision-
making systems [23]. Their operational paradigm has transcended passive monitoring
and evolved into an active agricultural intervention system that integrates precision pes-
ticide application and intelligent harvesting.

6.2 Yield Prediction and Fruit Harvesting
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Figure 6.1: Schematic diagram of the dual-subsystem architecture for agricultural inspec-
tion and harvesting.

Ideally, a system should both accurately estimate yield and precisely localize each fruit.
On the other hand, research on smart agricultural robotics is still relatively nascent,
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graph, our work significantly improves the accuracy of 
object counting by reducing the impact of various errors 
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Figure 6.2: System architecture of the proposed framework. Functional blocks are grouped
into front-end (low-level perception) and back-end (high-level perception) layers, orga-
nized by increasing computational complexity and abstraction level. Data flows are indi-
cated by: green for raw sensor data, red for semantic information, and blue for system-level
communication.

with many pressing challenges yet to be resolved. The community currently finds it
difficult to deliver such an ideal solution. In the early stages, it makes sense to divide
the agricultural inspection system into two subsystems: an offline statistical subsystem
for yield estimation, and an online precise 3D fruit detection subsystem for fruit picking.
This dual-subsystem architecture is depicted in Fig. 6.1. This division is motivated by
the fact that yield statistics and production planning do not require real-time operation
or 3D positional data of every fruit, whereas a harvesting robot needs real-time, high-
precision localization of the target fruit but does not depend on knowing the total fruit
count across the orchard or field. In summary, functionalities such as full coverage and
task allocation—which can be managed by the statistical subsystem—are decoupled from
the harvesting operation, which is carried out by robots equipped with the precise fruit
mapping subsystem.

Intelligent environmental perception forms the technological foundation for autonomous
drone decision-making [13]. However, current mainstream perception solutions exhibit sig-
nificant limitations: First, SLAM technology generates only semantically deficient point
cloud maps (including Visual-SLAM and LiDAR-SLAM), which are inadequate for agri-
cultural knowledge representation. Second, object detection and image segmentation al-
gorithms, predominantly developed on idealized 2D datasets, fail to construct ecologically
correlated 3D growth models. Third, a deeper issue lies in existing technologies decon-
structing plant organs (leaves, branches, flowers/fruits) into discrete spatial elements [24],
neglecting their dynamic coupling with biological attributes and light conditions. Mean-
while, orchard environments exhibit complex textures, microscale targets, and chaotic
spatial distributions, causing mainstream 3D object estimation methods (e.g., bounding
box regression from autonomous driving [25]) to maintain high error rates in fruit count-
ing and pose estimation tasks. These challenges highlight the necessity of developing
agricultural-specific perception frameworks.
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To address these challenges, this paper proposes a metric-semantic SLAM framework
as shown in Fig. 6.2 for 3DSG-based plant inspection1. By leveraging the hierarchical
structure of scene graphs, our approach significantly enhances fruit counting accuracy
through error propagation control in object pose estimation. The systematic analysis of
multi-sensor error sources and hierarchical abstraction mechanisms represents a critical
advancement in metric-semantic SLAM. The principal contributions are summarized as
follows:

• A 3DSG is introduced to construct a multidimensional spatiotemporal representa-
tion of plant development, facilitating interpretable growth analysis and traceable,
time-series monitoring of agricultural processes.

• A systematic analysis of object estimation uncertainties is conducted based on differ-
ent sensor models, sensor combinations (including stereo camera, RGB-D camera,
and camera-LiDAR combinations), and error propagation modeling, highlighting
the critical role of hierarchical abstraction layers in enabling precision agriculture.
The effectiveness of the proposed system is validated through both simulated and
real-world experiments.

• IoT-based smart vertical farming framework that combines mobile robotic percep-
tion systems and automated environmental control mechanisms to enable real-time
data collection and closed-loop feedback regulation of crop growth metrics is pro-
posed.

The synergistic development of IoT, robotics, and AI is reshaping the technological
paradigms of interdisciplinary laboratories and industrial ecosystems. IoT-enabled ver-
tical farming systems demonstrate significant advantages, achieving yield enhancement
while reducing carbon emissions compared to traditional agriculture, thereby providing
innovative solutions for sustainable food production. The advancement of robotic tech-
nologies further expands the application dimensions of mobile intelligent sensors in ver-
tical farm IoT networks. Based on an autonomous farming system that integrates UAV,
sensors, and modular vertical farming units, this study proposes a 3DSG-based hierar-
chical mapping method for the dynamic monitoring of plant and fruit growth. Through
feedback mechanisms, the system optimizes growth conditions by adjusting lighting and
nutrient delivery, while the hierarchical mapping architecture reduces detection errors
and enables comprehensive 3D visualization. In this chapter, we introduce a intelligent

1Simulation environment adapted from ICUAS’2024 competition, June 4-7, 2024 in Chania, Greece.
Where the authors’ team achieved second place
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plant inspection system with the following contributions: 1) Pioneering application of
3DSG technology to establish a multi-dimensional spatiotemporal representation model
for plant growth processes, supporting interpretable analysis and traceable monitoring; 2)
Establishing an uncertainty model through error propagation by systematically analyz-
ing sensor models (covering various common sensor combinations) and integrating these
models into 3D object pose estimation algorithms. This highlights the necessity of hier-
archical abstraction levels. The system is validated through simulations and real-world
experiments, providing a quantitative evaluation of object pose estimation; and 3) An
IoT-driven intelligent vertical farming architecture that integrating mobile robotic per-
ception networks and environmental regulation devices, enabling dynamic acquisition and
closed-loop control of plant growth parameters.

6.2 Methodology

This section starting from systematically investigates error sources throughout the fruit
perception pipeline, spanning from 2D detection to 3D semantic mapping in 6.2.1. Then,
we present error analysis of two prevalent depth sensing configurations: i) stereo vision
systems in 6.2.2 and ii) LiDAR-camera fusion architectures in 6.2.3, with particular em-
phasis on systematic errors introduced during depth estimation processes. Then, we
analyze absolute/relative errors and abstraction-level implications to justify our hierar-
chical semantic mapping approach in Section 6.2.4, and at last we formalize our 3DSG
framework in Section 6.2.5.

6.2.1 Projection Model and Noise Propagation

In this part, we detail the process of recovering 3D coordinates from 2D image detections,
propagating errors in the camera coordinate system, and transforming these errors into
the world coordinate system. We use R ∈ R3×3 to denote 3D rotation matrix, t ∈ R3

to denote 3D translation vector and T =

[
R t

0 1

]
∈ R4×4 to denote 3D transformation

matrix.
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The camera intrinsic matrix K is given by:

K =

fx 0 cx

0 fy cy

0 0 1

 . (6.1)

Rcover 3D Object from Image Plane

Given a 2D detection (u, v) and depth d, the coordinates in the world frame (xw, yw, zw)

can be recovered using the camera intrinsic matrix K, and the transformation matrix
Twc: xw

yw

zw

 = Twc ∗ K−1

(u+ nu) · (d+ nd)

(v + nv) · (d+ nd)

d+ nd

+ npose. (6.2)

where nu, nv represent the 2D detection noise, nd is the depth noise, and , and npose is
the camera pose error.

The errors in the recovered 3D coordinates can be calculated using the following
formulas:

σ2
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)2

σ2
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(6.3)

The covariance matrix of the object position in the world coordinates can be calculated
as:

Σworld = RΣcamR
T + ΣTwc , (6.4)

where Σcam is the covariance matrix of the object position in the camera coordinates, and
ΣTwc is the covariance matrix of the transformation Twc.

2D Detection Accuracy

Common detection or segmentation algorithms require objects to occupy similar pixel
areas in the image; otherwise, errors are likely to occur. Taking YOLO [156] as an exam-
ple, the difficulties in detecting small objects at a distance are as follows: i) Resolution
Limitation: YOLO divides the input image into a grid, with each grid cell responsible for
detecting one object. If the object is too small, it may fall within a single grid cell, mak-
ing it difficult for the detector to accurately locate and classify it. ii) Feature Extraction:
YOLO uses Convolutional Neural Network (CNN) to extract image features. The features
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of small objects may be lost or become less prominent during downsampling, leading to
decreased detection accuracy. Therefore, when objects are at a greater distance, larger
objects are detected with higher accuracy, while smaller objects are more prone to errors.

According to the law of large numbers, the average of a large number of independent
random samples converges to the true expected value (mean) if it exists. In the context
of depth estimation: Consider a bounding box containing pixels from the same object
with similar depth. Each pixel’s depth estimate can be viewed as an independent random
sample. If we average the depth estimates from all these pixels, we can think of it
as an approximation of the true depth. As the number of pixels (samples) increases,
the average depth estimate tends to converge to the actual depth (if other factors are
controlled). While for small objects, fewer pixels mean less reliable statistical sampling.
Individual measurement errors have a larger impact on the overall depth estimate. The
law of large numbers still applies, but with fewer samples, the convergence may be slower
or less reliable.

As the number of pixels (samples) increases, the average depth estimate tends to
converge to the actual depth. For small objects with fewer pixels, the individual mea-
surement errors have a larger impact on the overall depth estimate. Assume a bounding
box contains n pixels, where the depth estimate for each pixel i is Zi, and the standard
deviation of the depth estimate is σZi

. The average depth estimate over the n pixels is:
Z̄ = 1

n

∑n
i=1 Zi. According to the law of large numbers, as n increases, Z̄ converges to

the true depth Z. This is because the standard deviation of the average depth estimate
decreases as 1√

n
, we have:

σZ̄ =
1√
n

√√√√ 1

n− 1

n∑
i=1

σ2
Zi
. (6.5)

For the case of small objects with fewer pixels, we have a smaller n. Moreover, since Z

is larger for distant objects, the depth standard deviation σZ will be higher. With fewer
pixels (n smaller), the average depth estimate Z̄ will have a larger variance σZ̄ , and thus
the individual measurement errors have a more significant impact on the overall depth
estimate.

6.2.2 Depth Estimation Accuracy for Stereo Camera

There are many factors that affect depth error, including object distance, surface/medium
characteristics, sensor technology [157], and other parameters. When the sensor combina-
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tion is fixed, and both the detected object and the working environment are determined,
the main influencing factor is the distance between the camera and the target. Under
such situations, errors are more likely to occur when the object is either too far from the
camera or too small in size. For distant targets or small objects with a small number
of pixels, the main reasons for inaccurate depth estimation include detail loss, matching
difficulty, and the impact of noise.

• Detail Loss: Fewer pixels mean lower image resolution, resulting in the loss of
detailed information in the image. This reduction makes it difficult for algorithms
to capture the edges and textures of objects, thereby affecting the accuracy of depth
estimation.

• Matching Difficulty: Depth estimation usually relies on feature point matching in
the image. Fewer pixels lead to a reduced number of feature points, thereby in-
creasing the difficulty of matching and subsequently affecting the accuracy of depth
estimation.

• Noise Impact: As pixel-per-meter decreases, meaning each pixel corresponds to a
larger actual spatial range, the noise accumulated within that space also increases,
resulting in a lower signal-to-noise ratio. Low-resolution images are more suscep-
tible to noise, which can interfere with the normal operation of depth estimation
algorithms, leading to inaccurate estimation results.

Taking the stereo camera as an example, based on the disparity-depth model, Mallick
et. al [157] calculated the depth from disparity and determined the accuracy and reso-
lution of depth. Using similar triangles, the depth Z(ρ) of an object can be described
by:

Z(ρ) =

(
m

fb
ρ+

(
1

Zr

+
n

fb

))−1

, (6.6)

where m and n are the parameters of linear normalization, f is camera focal length, b
is the stereo baseline length, and ρ is the normalized disparity [157]. To determine the
standard deviation σZ , the derivative of Z(ρ) is initially computed with respect to ρ:

dZ

dρ
=

d

dρ

((
m

fb

)
ρ+

(
1

Zr

+
n

fb

))−1

= −
(
m

fb

)((
m

fb

)
ρ+

(
1

Zr

+
n

fb

))−2

.

(6.7)

Upon substituting Z(ρ) into (6.7), we obtain dZ
dρ

= −
(

m
fb

)
Z−2. The standard deviation
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σZ is related to the standard deviation of the normalized disparity σρ can be given by:

σZ =

∣∣∣∣dZdρ
∣∣∣∣σρ =

∣∣∣∣∣∣−
(

m
fb

)
Z2

∣∣∣∣∣∣σρ =

(
m

fb

)
σρ

Z2
. (6.8)

From the above expression, the error of depth measurement is proportional to the square
of the depth. This has been experimentally verified in [157].

Assuming the errors in the estimation of X and Y coordinates are independent, one
has:

σX =

(
mx

f 2b

)
Z2σρ and σY =

(
my

f 2b

)
Z2σρ, (6.9)

where x and y are the coordinates of the pixel in the depth image, and σX and σY are
the errors in X and Y , respectively. Both the depth accuracy and resolution decrease
quadratically with increasing depth from the sensor.

6.2.3 Depth Estimation Accuracy for LiDAR Camera Fusion

The LiDAR measures a point in 3D space using a bearing direction ωi ∈ S2 and depth di.
The bearing direction in terms of azimuth θ and elevation ϕ angles, the bearing direction
ωi is parameterized as:

ωi =
[
cos θ cosϕ sin θ cosϕ sinϕ

]
. (6.10)

The measured point in the LiDAR frame is denoted as Pi = diωi. The uncertainty in
the LiDAR measurement arises from the following two sources:

• Bearing direction noise: δωi
∼ N (0,Σωi

) in the tangent plane of ωi

• Depth noise: δdi ∼ N (0,Σdi) in the depth measurement

The true point Pgt
i relates to the measured point as:

Pgt
i = (di + δdi)(ωi ⊕S2 δωi

) ≈ diωi + ωiδdi − diω
∧
i N(ωi)δωi

, (6.11)

where N(ωi) is an orthonormal basis for the tangent plane, and ω∧
i is the skew-symmetric

matrix of ωi.
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The total noise in Pi is calculated as:

wi = ωiδdi − diω
∧
i N(ωi)δωi

∼ N (0,ΣPi
), (6.12)

with covariance:
ΣPi

= ωiΣdiω
T
i + d2iω

∧
i N(ωi)Σωi

N(ωi)
Tω∧⊤

i . (6.13)

The LiDAR point Pi is transformed to the camera frame using extrinsic calibration T =

(R, t):
Pc

i = RPi + t. (6.14)

The uncertainty in Pc
i is calculated by:

ΣPc
i
= RΣPi

RT . (6.15)

Then, the point Pc
i = (Xc

i , Y
c
i , Z

c
i ) in the camera frame is projected onto the image plane

via the following formula:

pi =

(
fx

Xc
i

Zc
i

+ cx, fy
Y c
i

Zc
i

+ cy

)
, (6.16)

where fx, and fy are focal lengths and (cx, cy) is the principal point.

The Jacobian of Zc
i with respect to Pi is computed by:

∂Zc
i

∂Pi

= R3, (6.17)

where R3 is the third row of R. The variance of Zc
i is:

σ2
Zc
i
= R3ΣPi

RT
3 . (6.18)

Assuming isotropic bearing noise (Σωi
= σ2

ωI2×2):

ΣPi
= σ2

di
ωiω

T
i + d2iσ

2
ω(I3×3 − ωiω

T
i ). (6.19)

The depth uncertainty becomes:

σ2
Zc
i
= σ2

di
(R3ωi)

2 + d2iσ
2
ω(∥R3∥2 − (R3ωi)

2). (6.20)

Note the term σ2
di
(R3ωi)

2 is generally negligible in magnitude, while the dominant con-
tribution comes from d2iσ

2
ω

(
∥R3∥2− (R3ωi)

2
)
. This predominant term exhibits quadratic
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growth trend with respect to the distance di, which makes the second term in (6.20) be-
coming increasingly significant as di increases. This observation is well aligned with the
depth uncertainty analysis results in 6.2.2, and we will introduce hierarchical scene graph
to alleviate the uncertainty introduced by small or distant objects in Section 6.2.5.

6.2.4 Absolute and Relative Errors in Hierarchical Structures

In semantic SLAM, objects are typically simplified to only retain their category, size, and
pose information. Thus, each object carries information in the form of [class, size, T ∈
R4×4], which is the information we need to extract in metric-SLAM. However, the number
of pixels generated by each object in the image is different, as shown in Fig. 6.3, meaning
that the amount of information in the image (the source of information) will also be
different. We are mainly concerned with the uncertainty of object position and size.

According to (6.3), the accuracy of the position is significantly affected by the uv

and depth errors. The uncertainty of uv and depth accuracy is influenced by the size of
the object in the image, which is affected by the size and distance of the object. This
relationship can be expressed by the following formula:

obj_image_size =
obj_size · f
distance

, (6.21)

where f is the camera focal length, which can be obtained from the camera intrinsic
matrix K. Regarding uv and depth errors, they are affected by the size of the object in
the image. In particular, it is necessary to ensure that the object image size reaches a
suitable size. In the following, we analyze the relationship between 2D detection errors,
depth errors, and object image size.

The localization error of an object can be divided into absolute error and relative
error. The absolute error xyz_error is measured in a unified length unit (m). The
relative error is given by xyzerror

sizeobj
. A natural assumption in object association is that two

objects of the same class cannot overlap in 3D space, so the distance threshold between
objects is usually set to the size of the object itself, and the size values are determined
through statistical evaluation of object distributions. Large objects have larger distance
thresholds, while small objects have smaller distance thresholds. Therefore, it is more
reasonable and accurate to first associate the larger objects and then the smaller objects
within them.

From another perspective, in the real world, larger objects logically contain (or corre-
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Figure 6.3: Projection model and uncertainty propagation.

spond to) multiple smaller objects (for example, a tree has multiple fruits, and a building
has multiple rooms). Smaller objects are less likely to correspond to multiple larger ob-
jects (for example, a fruit is not on multiple trees, or a room does not belong to multiple
buildings). Therefore, a hierarchical scene graph is a natural organizational structure,
allowing the metric-semantic SLAM framework to organize semantic elements at differ-
ent levels of abstraction. This approach also reduces the memory required for large-scale
mapping. More importantly, larger objects are associated with more depth pixels, making
the depth values less susceptible to outliers and more robust.

6.2.5 Hierarchical Scene Graph for Fruit Inspection

We use a 3DSG to organize objects at different levels of abstraction. A 3DSG is a layered
graph with nodes representing spatial concepts at multiple levels of abstraction (from
low-level geometric point clouds to objects, places, and rooms for indoor service robots).

Scene Graph Definition for Plant Inspection

In the context of orchard management, the abstraction level ascends from pure geometric
points (devoid of semantic information) to entities such as fruits, with the orchard as
the topmost level. While plant stems and leaves should be incorporated into this hier-
archical structure, this study simplifies the problem by focusing solely on point clouds,
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fruits, plants, and orchards. The relationships between nodes include subordination and
adjacency. The formal definition of our 3DSG is presented as follows:

Definition 1. Hierarchical Graph. A graph G = (V,E) is said to be hierarchical
if the set of nodes V can be partitioned into l layers, i.e., V =

⋃l
i=1 Vi, such that:

1. Single parent: Each node v ∈ Vi at layer i shares an edge with at most one node
in the layer Vi+1.

2. Inherent Position Attributes: Each node v ∈ Vi at layer i pertains the position
attributes from its parent node in the layer Vi+1.

3. Locality: Each node v ∈ Vi can only share edges with nodes in the same or adjacent
layers, i.e., Vi−1, Vi, or Vi+1.

4. Disjoint children: For any u, v ∈ Vi, the children of u and v, namely C(u) and
C(v), are disjoint (i.e., they share no nodes or edges), where

C(u) = {w ∈ Vi−1 | (w, u) ∈ E}, (6.22)

denotes the children of u, i.e., the set of nodes in layer Vi−1 sharing an edge with
u. We refer to G as an L-layered hierarchical graph and denote with Vl the set of
nodes in layer l. Moreover, we conventionally order the layers from the bottom to
the top, i.e., the lowest layer is V1, while the top layer is VL.

For instance, in fruit inspection scenarios, the hierarchical scene graph adheres to the
simplified structure defined earlier, with the orchard as the topmost semantic layer that
encompasses the entire inspection scope. The layer immediately below the orchard con-
sists of individual plants, which serve as the intermediate carriers connecting the orchard
and fruits. The third layer is composed of fruits, the key inspection objects in this con-
text, while the lowest layer corresponds to pure geometric landmarks—specifically the
point clouds mentioned previously—without any semantic attributes. In line with the
subordination relationship between nodes, each fruit is uniquely subordinate to a single
plant (its parent node in the upper layer), and each plant, in turn, belongs to the orchard
(the top-level node). This hierarchical structure not only conforms to the actual growth
pattern of fruit trees in orchards but also effectively maps the geometric and semantic
information of the inspection scene.

Scene Graph Node Generation, Association, and Hierarchical Update for Or-
chard Object Pose Estimation
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Algorithm 2 Add Child to SceneGraph
1: if self.children is empty then
2: add_child()
3: else
4: for each old_child in self.children do
5: node_dist = calc_node_dist(old_child, child)
6: if node_dist < dist_threshold and size_diff < size_threshold then
7: merge_existing_child_with_child()
8: return existing_child
9: else

10: pass
11: end if
12: end for
13: add_child()
14: end if
15: update_node_attributes()
16: return child

To achieve coherent spatiotemporal tracking of orchard objects, this study proposes
an integrated strategy encompassing node generation, association, hierarchical pose esti-
mation, and parent-child coordinated update, coupled with a layer-wise data association
mechanism to ensure consistent object representation across consecutive frames. Specif-
ically, the 2D detection process for low-abstraction-level objects is constrained within
the bounding boxes of high-abstraction-level entities—for example, fruit detection is lim-
ited to the bounding box of its host plant, and the fruit node is then attached to the
corresponding plant node via Algorithm 2 (i.e., add_node(fruit)) as part of the node
generation process. Benefiting from more depth pixels associated with larger objects
(high-abstraction-level nodes in the scene graph), their depth estimation exhibits higher
robustness against outliers. Thus, the algorithm prioritizes querying high-abstraction-
level objects, followed by sequential queries and association of low-abstraction-level ones.
Notably, the position update of a parent node triggers synchronous adjustment of its child
nodes’ poses, which effectively mitigates matching errors during loop closure.

Algorithm 2 is enhanced with adaptive dual thresholds (3D center distance and size
difference) to replace fixed distance thresholds, where the threshold values are dynami-
cally determined by three key factors: (1) the intrinsic physical scale of the object (e.g.,
canopy width for plants and diameter for fruits), (2) measurement uncertainty induced by
sensor noise or detection confidence, and (3) the spatial density of homogeneous objects in
the local scene. For illustration, plants are usually sparsely distributed with low pose un-
certainty, allowing a relatively loose distance threshold; in contrast, fruits tend to grow in
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dense clusters with higher localization ambiguity, demanding stricter thresholds for both
position and size. A new detection is only eligible for merging if it meets both threshold
criteria and achieves the required confidence—detections with insufficient confidence are
directly discarded. If no existing node of the same type satisfies these conditions, a new
node is created and inserted into the scene graph at the corresponding hierarchical level.

Once the correspondence between the new detection and an existing node is confirmed
(i.e., distance and size differences are smaller than thresholds and confidence requirements
are satisfied), the two nodes are merged. The pose parameters (including 3D position and
size) are then fused using an Infinite impulse response (IIR) filter to enhance temporal
smoothness and suppress sensor noise. This filter assigns higher weights to observations
from frames with higher sensor confidence, such as those with denser LiDAR point clouds.
To maintain the structural consistency of the scene graph, the pose update of a parent
node (e.g., a plant) via merging will drive the coherent adjustment of all its child nodes
(e.g., fruits) in the local coordinate frame. This hierarchical, geometry-aware association
and update mechanism enables robust tracking of individual fruits and plants across
varying viewpoints and time, even under partial occlusion or sensor noise interference.

6.3 Experiment

As analyzed in Section 6.2.1, we conducted experiments using two different sensor config-
urations: RGB-D and camera-LiDAR fusion. Four different datasets collected in different
experimental scenarios were tested. The detailed configurations and parameters for each
scenario are presented in Table 6.1. The quantitative evaluation in this Section com-
pares algorithmic fruit counts against GT across multiple fruit varieties. To provide an
intuitive measure of counting accuracy, we include bracketed percentages indicating each
algorithm’s closeness to GT, where 100% represents perfect alignment with ground truth.
Deviations above or below this value reflect performance degradation, with greater differ-
ences indicating lower accuracy.

Table 6.1: Experiment Datasets Configuration

Dataset Sensor Platform Scenario Object Obj Color BG Color Quantity

Gazebo RGB-D UAV Vertical Fruit R, Y, P Oak 50-100
TUM-RGBD RGB-D Hand Indoor Desktop Multi color Gray 50-60
ICUAS’24 Cam-LiDAR UAV Orchard Fake fruits R, Y Green 20-30
Hydroponic Cam-LiDAR UAV Lab Strawberry Green, red Green 10-50
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For RGB-D datasets, the state-of-art metri-semantic SLAM, OA-SLAM [133], Quadric-
SLAM [132], VOOM [158], and 3DSG SLAM, Kimera [24], and Hydra [113] are selected as
the main baseline. OA-SLAM, Quadric-SLAM and VOOM use dual quadric as landmarks
in SLAM with constraints of detected bounding boxes or instance segmentations, while
all three above methods apply flat metric-semantic maps for point cloud landmarks and
objects (represented by quadrics) storage, i.e., they are not concerned with estimating
higher-level semantics and store all mapping elements at the same level of abstraction.
Kimera and Hydra applied 3DSG to organize semantic elements at different levels of
abstraction. Their studies, however, mainly considered an ideal simulation environment
with accurate semantic segmentation results. It is unrealistic to obtain completely correct
and comprehensive semantic segmentation in the real world. Therefore, it remains crucial
to improve object mapping accuracy under the influence of noise.

For LiDAR-camera fusion datasets, Kang [159] and Liu’s [160] methods are selected
as the main benchmarks. Among them, Kang’s method is only camera-LiDAR fusion
without odometry information, so it can only estimate the fruit position statically in the
local frame (the vehicle cannot move, only the manipulator can move to grasp fruits),
and cannot calculate the fruit position in the global frame. Liu’s method extends Kang’s
method, but with worse positioning accuracy. Both methods project the LiDAR point
cloud onto the image plane to obtain the depth of pixels in the image, and then estimate
the 3D position of the fruit based on the depth. In contrast, our sensor fusion method
adopts the 3D object detection paradigm commonly used in autonomous driving. We
project the object detection bounding box from the image into 3D space, and subsequently
filter the point clusters in the 3D space to avoid the influence of noisy point clouds. To
address potential calibration challenges from variable extrinsic settings, we employ a map-
based fusion strategy where we first pre-build a reference point cloud map using LiDAR
odometry, then perform camera-LiDAR fusion exclusively on this pre-built map. This
approach enables higher positioning accuracy and more robust performance.

6.3.1 Gazebo Simulation for Fruit Counting

In the Gazebo environment as depicted in Fig. 6.2, various fruits are placed on the vertical
plant bed in the garden. Each bed contains one of the three species of plants. Each type
of plant has different colors and sizes, namely purple eggplants, red tomatoes, and yellow
peppers. A UAV flies in the greenhouse to conduct fruit counting, a depth camera, an
IMU are installed on the simulated UAV. The ground truth odometry information is used
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Figure 6.4: Plant and fruit reconstruction position error comparison in centimeters.

to provide the pose information of the UAV.
We conducted a comparative analysis of fruit counting accuracy with Kimera and Hy-

dra frameworks, given their shared experimental configuration utilizing RGB-D camera
inputs and ground-truth semantic segmentation annotations. Within an idealized simu-
lation framework, precise semantic segmentation labels can be systematically generated
through HSV-based thresholding techniques, effectively bypassing sensor noise artifacts.
As shown in Table 6.2, our Gazebo simulation results demonstrate exceptional counting
precision: the proposed methodology achieves exact 100% alignment with GT in most
test cases, with a single instance at 102% - still well within near-perfect range. This
significant performance improvement over comparative methods validates our approach’s
effectiveness in fruit counting applications.

Table 6.2: Fruit Counting Accuracy in Gazebo Simulation Setup
Privided by ICUAS’24 Simulation Phase

Kimera Hydra Ours GT

Eggplant 27 (122%) 24 (109%) 22 (100%) 22
Pepper 49 (114%) 38 (93%) 42 (102%) 41
Tomato 39 (114%) 32 (95%) 34 (100%) 34

Plant 21 (110%) 19 (100%) 19 (100%) 19

It is notable that even with the GT-Trajectory configuration, achieving 100% accuracy
for %Found and %Correct in the simulation scenes using ground-truth semantics is not
realized. There are centimeter-level fruit and plant localization errors in all three methods
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as shown in Fig. 6.4. Two primary factors contribute to the imperfect performance of the
GT-Trajectory setup. First, Hydra’s object extraction method tends to under-segment
nearby objects of the same class, resulting in the predicted object centroid deviating
further from the individual ground truth object instances. Second, the underlying metric-
semantic reconstruction within the active window (such as Kimera and Voxblox) can
occasionally cause object labels to be projected onto surfaces behind objects, leading to
the generation of hallucinated objects. To address these issues, the algorithm design has
been refined to be more robust to noise and uncertainty, following the analysis outlined
in Section 6.2.1.

6.3.2 TUM RGB-D Dataset

Table 6.3: Object Counting Accuracy in TUM RGB-D Dataset and Diomond Dataset

OA QISO VOOM Ours GT

Fr2_desk 119 (270%) 64 (145%) 49 (111%) 46 (105%) 44
Fr2_person 126 (280%) 69 (153%) 56 (124%) 49 (109%) 45
Fr3_office - - 66 (108%) 58 (95%) 61

Diamond_1 73 (146%) 59 (118%) 53 (106%) 48 (96%) 50
Diamond_2 74 (172%) 78 (181%) 50 (116%) 47 (109%) 43

Since benchmark methods are designed for service robotic applications rather than
being specifically targeted towards fruit mapping and counting, we validate the general-
izability of our proposed approach beyond agricultural scenarios through testing on the
TUM RGB-D dataset, which primarily contains indoor environments. As discussed in OA-
SLAM [133], the mere incorporation of bounding boxes or quadric surface models as map
landmarks may not substantially enhance SLAM’s localization accuracy. Consequently,
rather than prioritizing localization precision comparisons, our evaluation framework em-
phasizes assessing and comparing the quantitative reconstruction completeness of objects
through semantic-aware metrics in SLAM implementations.

This evaluation by counting object numbers reflects the accuracy of object-level map-
ping. The closer the number of reconstructions is to the ground truth, the better the
performance of data association. Since the TUM RGB-D dataset does not provide ground
truth 3D reconstruction or the ground truth counts and labels of objects, we obtain the
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ground truth object counts by manual labeling and visual inspection.
Table 6.3 summarizes the results. We compare our algorithm with four object data

association methods: OA-SLAM, QISO-SLAM, and VOOM. Among them, OA-SLAM
and QISO-SLAM, IoU serves as the primary metric for object association. OA-SLAM
restricts associations to objects of the same category, whereas QISO-SLAM associates
objects based solely on IoU values, without considering their categories, and VOOM
applies Wasserstein distance [158] for object association.

(a) (b)

(c) (d)

Figure 6.5: TUM RGB-D dataset test results. (a) 2D object detection in fr2_office. (b)
2D object detection in fr3_office. (c) 3DSG in fr2_office. (d) 3DSG in fr3_office.

Comparatively, our method outperforms other algorithms on all sequences by scruti-
nizing the object’s class, size, and 3D position in the scene graph, allowing for the updating
of object poses. Therefore, our method performs well even when dealing with sequences
like Fr2_person, where moving persons are present, while VOOM tends to yield a higher
number of incorrect counts. The sparse 3DSG reconstruction result of the TUM RGB-D
dataset is shown in Fig. 6.5.

The results for OA-SLAM and QISO-SLAM are consistent with those reported in
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Figure 6.6: ICUAS’24 dataset collection scenario. (a) The dataset collection orchard
environment. (b) The UAV configuration.

Table 6.4: Object Counting Accuracy in ICUAS’24 Dataset

Liu’s(Y) Ours(Y) Liu’s(R) Ours(R) GT(Y R)

Bag 1 21 (117%) 17 (94%) 12 (150%) 8 (100%) 18Y 8R
Bag 2 26 (144%) 21 (117%) 11 (138%) 10 (125%) 18Y 8R
Bag 3 27 (150%) 18 (100%) 9 (113%) 7 (88%) 18Y 8R
Bag 4 29 (126%) 22 (96%) 19 (119%) 14 (88%) 23Y 16R

[158], as the source code for QISO-SLAM remains unavailable. Other results represent
the best perfomance achieved. It can be observed that OA-SLAM exhibits the highest
number of redundant objects among all the methods. This outcome is attributed to
its utilization of 2D IoU alone for object association, which leads to erroneous object
detection, misclassification, and consequently, erroneous generation of 3D objects.And
VOOM outperforms QISO-SLAM by incorporating additional criteria for object data
association.

6.3.3 ICUAS’24 Competition Dataset

The ICUAS’24 competition is organized by LARICS from the University of Zagreb. In-
spired by the scenario of robots in agriculture, the final stage of the competition takes
place in an orchard shown in Fig. 6.6 (a). There are two different types of plants in
the orchard, with differently colored fruits (yellow and red). A UAV is deployed and
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Figure 6.7: Tree Segmentation in the Orchard.
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Figure 6.8: The ICUAS’24 orchard mapping results with fruit landmarks and point cloud
mapping.

flown manually, both in position and attitude modes, to collect data (including LiDAR
point cloud, camera image, GPS signal, and IMU data) for fruit counting. The UAV is
equipped with a front-facing camera, slightly pitched-down 3D lidar, GPS receiver, IMU,
and Pixhawk controller as shown in Fig. 6.6 (b).

Kang’s method and Liu’s method primarily focus on fruit localization. However, the
ICUAS’24 competition did not provide ground truth 3D fruit locations (in fact, obtaining
GT object localization in outdoor, unstructured, and cluttered environments like orchards
is very challenging). Therefore, we only compared our method with Liu’s method for fruit
counting accuracy. Kang’s method uses a Livox LiDAR (a solid-state LiDAR with a non-
repetitive scan pattern) to accumulate point clouds from one static pose and project
them onto the image plane to estimate pixel depth. This method is only suitable for
static platforms or robots that need to stay in the same position for a long time, which
significantly reduces the robot’s efficiency (both in detection and fruit harvesting). Con-
sequently, it is not suitable for mobile robots, especially UAVs. Liu’s method builds on

109



Chapter 6. Hierarchical 3DSG-based Semantic-Metric Mapping

Kang’s method by adopting a sliding window to accumulate point clouds from the LiDAR
and then projecting the LiDAR point clouds onto the image plane.

However, due to parallax and occlusion, in an actual orchard, the background depth
may be projected onto the same pixels as the foreground depth, which introduces signifi-
cant errors. Our method directly selects candidate point cloud clusters in 3D space and
then probabilistically selects the fruit depth. By using IIR filters and hierarchical scene
graphs to select and update the fruit candidate poses, our approach effectively avoids a
large number of erroneous estimates. The tree segmentation in the point cloud map is
carried out by using the DB-Scan algorithm, as shown in Fig. 6.7.

Since Liu’s algorithm is not open-source, we re-implemented their methods based on
the descriptions provided in their paper and tested them on the ICUAS’24 dataset. In
this dataset, the UAV flies over two rows of orchards, and the fruit mapping results can
be seen in Fig. 6.8. In our method, all fruits are well aligned with the trees, while
in Liu’s method, due to background depth noise, many fruits erroneously fall into the
empty area between the two rows of orchards. Quantitative results are shown in Table
6.4, where it can be seen that our method achieves higher accuracy compared to Liu’s
method. However, some errors persist, primarily due to the cluttered environment and
the inherent challenges associated with fruit counting in complex agricultural scenes.

Conductivity
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LiDAR

ServerDatabase Data Process

AI-LLM Agriculture
& Food
Science
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Quadrotor UAVs Empowering Precision Agriculture in Hydroponic 
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Hydroponic Monitoring Panel

Figure 6.9: System architecture of the intelligent hydroponic laboratory with embedded
sensors and UAV.
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6.3.4 Hydroponic Laboratory Test for Strawberry Mapping

We also conducted indoor strawberry hydroponic cultivation at the Hong Kong Polytech-
nic University and performed UAV flight tests in the vertical hydroponics farm lab to
collect data and test our fruit counting system. As shown in Fig. 6.9, our hydroponic
laboratory is an indoor controlled environment, capable of adjusting growth conditions
through various equipment (including temperature, humidity, nutrient supply, CO2 con-
centration, and lighting), thereby providing a tailored and stable growth environment for
crops. On one hand, indoor cultivation is not limited by climate, allowing crops that
are typically grown in winter to be cultivated in summer, thus ensuring continuous and
stable year-round production. On the other hand, due to the scarcity of arable land in
Hong Kong, indoor controlled hydroponics offers more flexible site selection compared to
traditional outdoor greenhouse hydroponics, since they can be set up in factory premises,
containers, and other locations, thereby minimizing environmental impact.

(a) (b)

Figure 6.10: Ripe and unripe strawberry detection by YOLOv8.

Our indoor controlled hydroponic platform (maintained at a temperature of 22±1°C
and relative humidity of 50-60%) currently has 32 intelligent hydroponic units that can
control light intensity, spectrum, and water circulation for research purposes. The hy-
droponic platform already has many sensors to monitor the plant growth environment,
but most of them are for monitoring temperature, humidity, and nutrient composition,
lacking sensors for monitoring plant growth status. This limitation is partly due to the
structural complexity of the hydroponic platform, which makes the installation of cameras
and other sensors challenging, and partly because densely installing cameras on a large-
scale hydroponic platform would significantly increase costs. By equipping a UAV with
an RGB-D camera and a Livox MID-360 LiDAR, a mobile data collection platform for
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crop monitoring is established, substantially reducing sensor installation costs. The sen-
sor setup of the UAV could be found at [14]. In the future, manipulators can be installed
on UAVs for active operations such as pollination, pruning, and harvesting. First, we
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Figure 6.11: 3D strawberry mapping in the hydroponic platform .

collected over 1200 images for strawberry annotation and classification, only annotating
strawberries with fully fallen petals. Based on color (green and red), the strawberries were
classified into two categories: ripe and unripe. Unripe strawberries are difficult to be ac-
curately identified, and the training process may incorrectly identify ripe strawberries as
unripe. In contrast, fully ripe strawberries are relatively easier to be identified correctly.
Additionally, manual selections may result in different classifications due to varying levels
of experience, posing further challenges for data labeling. In this study, strawberries ex-
hibiting more than 60% red surface area were classified as ripe, while those with less than
60% red area were classified as unripe. The annotated dataset was subsequently used to
train a YOLOv8 network for real-time strawberry detection. The detection results are
shown in Fig. 6.10. The detected bounding boxes are filtered and then input into the
hierarchical scene graph for 3D semantic mapping.

Table 6.5: Strawberry Counting Accuracy in hydroponic Platform

Liu’s [160] Kang’s [159] Ours GT

Sequence 1 15 (150%) 9 (90%) 10 (100%) 10
Sequence 2 29 (132%) 17 (77%) 26 (118%) 22
Sequence 3 52 (141%) 29 (78%) 45 (122%) 37

The final mapping of strawberries in the indoor hydroponic platform is presented in
Fig. 6.11. It can be seen in the figure that most ripe strawberries were detected and
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correctly mapped in 3D space. Since unripe strawberry detection is more challenging,
only ripe strawberries are counted for the final comparison. The strawberry counting
results are shown in Table 6.5. Accurately detecting unripe strawberries will be our future
work direction. For quantitative assessment, ground-truth positions of strawberries were
manually measured, with the hydroponic shelf designated as the coordinate origin. In
dynamic scenarios, our method achieves 2 cm localization error, which is better than
Liu’s method as shown in Fig. 6.12. Based on the above analysis, the proposed algorithm
helps to achieve superior accuracy, clearly demonstrating the effectiveness of our approach.

(a) (b)

Figure 6.12: Hydropionic platform strawberry 3D mapping accuracy comparison, (a)
static mapping accuracy, (b) dynamic mapping accuracy.

6.4 Conclusion

This work, grounded in fruit counting, introduces a hierarchical metric-semantic SLAM
system based on 3DSG for object mapping and counting. By leveraging a hierarchical
scene-graph structure, the system mitigates mapping errors and significantly enhances
fruit counting accuracy. Our work focuses on two key aspects: i), reducing errors in each
stage (2D detection, depth estimation, robot odometry), and ii), leveraging a hierarchical
structure in the real world to minimize object mapping errors through a top-down data
association paradigm. Experimental results across four different scenarios demonstrate
both the mapping accuracy of 3D objects and the generality of the proposed algorithm.
Experimental evaluations reveal context-dependent performance: In outdoor orchards
(Section 6.3.3): Our method reduced fruit localization errors by 40% compared to Liu’s
[160] method through 3D clustering, but remained sensitive to extreme foliage density.
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In indoor vertical farms (Section 6.3.4): Our method achieved 92% strawberry counting
accuracy (dynamic flights) by leveraging hierarchical constraints to overcome occlusion.
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Chapter 7

Conclusion and Future Work

In this study, we have introduced an autonomous infrastructure inspection system leverag-
ing UAVs. The emergence of UAV technology has revolutionized infrastructure inspection,
offering effective and innovative solutions. Our system combines LiDAR scanning for 3D
model construction with cameras for defect detection, addressing critical challenges in the
field.

System Overview: Our autonomous infrastructure inspection system encompasses var-
ious modules, including control, planning, perception, localization, and mapping. These
components work seamlessly together to create a comprehensive solution. The core focus
of my work lies in integrating these modules to develop a complete autonomous inspec-
tion system suitable for real-world scenarios. By utilizing UAVs, we achieve flexibility,
scalability, and cost-effectiveness in infrastructure inspection.

Beyond system synthesis, we have also developed four critical sub-modules:

• Autonomous targetless calibration kit.

• FLiVIS.

• LiDAR BA with uncertainty.

• 3DSG.

The autonomous Targetless Calibration Kit tackles the extrinsic calibration of LiDAR-
RGB and LiDAR-thermal sensors. Accurate calibration ensures reliable data fusion and
accurate 3D reconstruction. The autonomous nature of this calibration process elimi-
nates the need for manual target placement, streamlining the overall inspection workflow.
FLiVIS is a critical component of our system, combining LiDAR, visual, and inertial
information for precise localization and mapping. it comprises two subsystems: VIO
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Subsystem and LIO Subsystem: Leverages LiDAR measurements for odometry. These
subsystems are interconnected through complementary filters, enhancing robustness and
accuracy. FLiVIS not only serves as an odometry system for UAVs but also contributes
to environmental mapping, bridging the gap between simulation and real-world experi-
ments. LiDAR BA and 3DSG are introduced to improve inspection tasks. LiDAR BA
produces a more accurate point cloud map, while 3DSG builds upon this foundational
level by providing an organizational framework for semantic information, thereby supply-
ing well-structured semantic data for downstream tasks such as task planning.

Through extensive testing, our proposed system has successfully demonstrated the
detection and localization of various types of cracks. As we transition from the controlled
laboratory environment to real-world outdoor inspections, we aim to expand our scope
beyond bridges to include diverse targets such as buildings, bridges, and fruits.

Currently, Chapters 5 and 6 of our paper focus on the scenarios of bridge inspection
and plant inspection, respectively. However, the algorithms in these two sections are not
mutually adaptable. This is because LiDAR BA yields suboptimal results in unstructured
environments, while the construction logic of the semantic scene graph in bridge scenarios
is more complex and less straightforward to establish compared to the relatively simple
structure of trees and fruits. In the future, we aim to further strengthen the connection
between Chapters 5 and 6, and develop a unified framework for geometric and semantic
mapping that can be applied across different environments to support task-level robotic
operations.
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