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Abstract

The evolving low-altitude economy enables Unmanned Aerial Vehicles (UAVs) to gather diverse sensor data, including RGB im-
ages, 3D point clouds, and inertial measurements, offering untapped potential for environmental mapping. Traditional urban 3D
modeling methods often face delays in updates and scalability issues. This paper introduces a novel UAV-based collaborative
mapping framework that integrates heterogeneous data from multiple UAVs to efficiently reconstruct dynamic urban environments.
The framework employs advanced visual recognition and optical character recognition (OCR) for semantic feature extraction,
complemented by LiDAR inertial odometry for precise map construction. To address challenges posed by sparse LiDAR data
in indoor settings, a temporal alignment mechanism is employed to generate synchronized keyframes, enhancing data coherence.
Additionally, camera-LiDAR calibration combined with cross-modal registration and semantic-guided point cloud stitching boosts
system robustness. Experimental results demonstrate that feature-guided point cloud registration, bolstered by semantic alignment,
surpasses traditional methods, achieving efficient mapping and offering a scalable solution for urban 3D modeling, applicable in

real-time urban planning and smart city development.

1. INTRODUCTION

Accurate and up-to-date 3D models of urban environments are
crucial for various applications such as urban planning, smart
city development and so on. However, the rapid pace of urban-
ization necessitates frequent updates to these models to main-
tain their relevance and accuracy(Goodchild, 2007). Traditional
methods for constructing and updating 3D models face signi-
ficant challenges related to data acquisition, processing time,
and scalability. The continuous development of the low-altitude
economy is transforming the capabilities of Unmanned Aer-
ial Vehicles (UAVs), enabling them to gather diverse types of
sensor data such as RGB images, 3D point clouds, and inertial
measurements. This evolution presents significant opportunit-
ies for constructing dynamic and high-precision 3D models of
urban environments.

Current methods for obtaining data for 3D models largely rely
on satellite imagery, aerial remote sensing, or ground-based
data collection techniques. While effective, these approaches
are often prohibitively expensive, difficult to scale, and incap-
able of providing timely updates. Conventional model update
methods typically involve full reconstruction techniques, which
are time-consuming, failing to ensure the freshness and preci-
sion required to keep pace with the dynamic nature of urban
environments (NieBner et al., 2013). The limitations of tradi-
tional methods highlight the need for more efficient, scalable,
and timely solutions for 3D model construction and updating.

Leveraging collaborative mapping techniques offers a prom-
ising solution to these challenges. This approach can signi-
ficantly reduce the cost and time associated with traditional
data collection methods while enabling more efficient utiliz-
ation of available resources. Current research on collaborat-
ive mapping predominantly targets applications in autonomous
vehicles. These systems are typically designed to operate at
ground level, which poses significant challenges when attempt-
ing to capture detailed information about structures at higher el-
evations, such as tall buildings or elevated infrastructure. This
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Figure 1. Overview of the proposed UAV-based collaborative
mapping framework

limitation restricts the comprehensiveness of the mapping out-
puts, especially in urban environments where vertical structures
are prevalent and critical for accurate 3D modeling. Further-
more, the quality of collaborative mapping is closely related to
communication between robots. This reliance on inter-robot
communication becomes a critical bottleneck in complex or
signal-compromised environments, such as urban canyons, where
signals are significantly degraded due to multipath effects and
signal blockages(Song et al., 2024a). In such settings, the in-
tegrity of data exchange and synchronization can be severely
compromised, leading to interruptions in the mapping process
or even complete failures.

This paper proposes a novel approach to collaborative mapping
based on extracting environmental semantic landmarks with UAVs.
Our approach enables large-scale data acquisition and dynamic
updating of 3D models. By leveraging these diverse data streams,
the proposed framework constructs high-precision 3D models
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and incorporates advanced algorithms to ensure the models re-
main accurate and up to date. This approach addresses the limit-
ations of traditional 3D modeling methods and meets the grow-
ing demand for 3D models.

2. RELATED WORK

In recent years, the proliferation of UAVs has opened new av-
enues for urban 3D modeling by collecting diverse sensor data
such as RGB images, 3D point clouds, and IMU measurements.
However, these capabilities remain underutilized due to the lim-
itations of traditional modeling techniques, which often suf-
fer from update latency issues(Colomina and Molina, 2014).
Our research addresses these challenges by introducing a UAV-
based collaborative mapping framework that integrates hetero-
geneous data from multiple UAVs for efficient environmental
reconstruction.

Significant advancements have been made in LiDAR-inertial
odometry and mapping, which are crucial for 3D SLAM ap-
plications(Biber and Straler, 2003). The LOAM framework
is notable for its ability to decompose SLAM tasks into high-
frequency odometry and low-frequency mapping threads, achiev-
ing high accuracy with minimal drift (Zhang et al., 2014, Klein
and Murray, 2007). Despite these improvements, LOAM’s per-
formance on lightweight systems is limited by computational
constraints. LeGO-LOAM addresses some of these issues by
applying point cloud segmentation and advanced optimization
techniques, though it remains challenged in environments with-
out ground points (Shan and Englot, 2018). LIO-SAM fur-
ther enhances accuracy and robustness by integrating IMU and
GPS data through factor graph optimization (Shan et al., 2020).
Recent innovations such as Fast-LIO and Fast-LIVO incorpor-
ate image data, optimizing state estimation and enabling more
realistic 3D reconstructions (Xu and Zhang, 2021, Xu et al.,
2022).Recent efforts in improving GNSS-visual-inertial state
estimation include the R2-GVIO approach, which demonstrates
enhanced robustness in urban settings (Song et al., 2024b). This
serves as a foundation for further exploration into real-time pro-
cessing techniques.

Collaborative mapping frameworks have also evolved to lever-
age data from multiple agents, improving mapping efficiency
and coverage. C-SLAM is an approach that allows multiple
robots to share and collaboratively optimize map data, thus re-
ducing the computational burden on each robot. DDF-SLAM
builds upon this by facilitating decentralized data fusion, en-
abling scalable map sharing with low communication overhead
(Zhang et al., 2021). In a similar vein, CVI-SLAM fuses visual
and inertial data to achieve consistency across shared maps,
proving its effectiveness in handling large-scale urban environ-
ments (Li et al., 2019). In UAV-based contexts, MUCSLAM
effectively enables collaborative exploration and mapping, en-
hancing both accuracy and computational efficiency (Zhao et
al., 2019). Graph-based techniques, such as those used in DGR-
SLAM, further enhance scalability and robustness in dynamic
multi-agent environments (Lee et al., 2021). The integration
of semantic information in frameworks like Semantic Collabor-
ative SLAM (SCSLAM) enhances the interpretability of maps,
benefiting applications such as autonomous navigation (McCor-
mac et al., 2017).

Moreover, the integration of advanced visual recognition and
optical character recognition (OCR) has improved semantic fea-
ture extraction from the environment. The YOLO series of

models, particularly YOLOvV7, have significantly advanced ob-
ject detection by introducing dynamic label assignment and op-
timization techniques, enhancing both speed and accuracy (Red-
mon et al., 2016, Wang et al., 2023). YOLO-World extends
these capabilities through vision-language modeling for effect-
ive zero-shot detection (Cheng et al., 2024). Complementary
OCR technologies, such as Tesseract and PaddleOCR, provide
robust multilingual text recognition, essential for enriching map-
ping data with semantic details.

These developments underscore the potential of integrating UAVs
with multi-modal data to achieve efficient, robust, and scalable
urban 3D modeling, addressing the challenges of dynamic and
complex environments.

3. METHODS

3.1 System Overview

The proposed system leverages crowdsourced data from Un-
manned Aerial Vehicles (UAVs) to construct and dynamically
update high-precision real-world 3D models. UAVs, equipped
with a combination of RGB cameras, LiDAR, and Inertial Meas-
urement Units (IMUs), collect spatial data during their routine
operations, such as urban monitoring or delivery tasks. This
data is then processed to generate detailed 3D models of the
urban environment, capturing both static structures and dynamic
elements. The system integrates semantic feature extraction,
local map generation, and map fusion to produce accurate mod-
els. Semantic landmarks, such as buildings, roads, and inter-
sections, are extracted from the UAV imagery using advanced
computer vision techniques. These landmarks serve as key ref-
erence points for aligning and merging local maps generated
by individual UAVs. By utilizing these features, the system
ensures precise map stitching, even in complex urban environ-
ments where traditional feature-based methods may struggle.
Once the local maps are aligned, the system employs global
optimization techniques to refine the merged map, minimizing
errors and ensuring the consistency of the final 3D model. As
new UAVs continue to gather data, the system allows for the
dynamic updating of the model, integrating fresh information
and maintaining its accuracy over time. This collaborative ap-
proach to map creation and updating enables the system to scale
effectively, ensuring the continuous relevance of the 3D model
in rapidly changing urban landscapes.The method architecture
proposed in this article is shown in Figure 2.

3.2 Extraction of Environmental Semantic Landmarks

Accurate extraction of environmental semantic landmarks is cru-
cial for enhancing the precision and robustness of 3D modeling
in complex urban environments. This paper introduces an in-
novative approach that combines object detection and Optical
Character Recognition (OCR) to extract semantic features from
UAV-captured imagery, optimizing the mapping tasks.The pro-
cess begins with preprocessing raw images captured by UAVs,
applying transformations such as histogram equalization and
Gaussian smoothing to enhance feature visibility under varying
environmental conditions. These preprocessing steps improve
image quality, making them suitable for detailed analysis.

For object detection, a sophisticated convolutional neural net-
work is employed to identify and classify key features in the
enhanced images. The network outputs bounding boxes and
associated class probabilities, which are filtered to retain only
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Figure 2. System overview

high-confidence detections, ensuring accuracy and reliability in
feature extraction.

In tandem with object detection, textual information provides
significant semantic context. OCR techniques are utilized to
recognize and extract textual data from the processed images,
capturing essential details such as street names, building num-
bers, and signage. This textual data enriches the semantic map,
aiding navigation and localization tasks. The integration of de-
tected objects and recognized text forms a comprehensive se-
mantic map, combining geometric and semantic data to serve
as critical inputs for subsequent processes like map stitching
and alignment(Liu et al., 2016, Redmon et al., 2016).

This dual approach significantly enhances system robustness
and reliability in dynamic and complex environments. By in-
tegrating object detection and OCR techniques, the method en-
sures comprehensive semantic extraction, facilitating the gener-
ation of scalable, accurate, and contextually relevant 3D mod-
els. This advancement addresses challenges posed by rapidly
evolving urban landscapes, providing a powerful tool for real-
time mapping and analysis.

Moreover, converting features into textual information reduces

data storage requirements, enabling lightweight processing. This
methodology not only offers a robust framework for extracting

semantic landmarks but also supports precise urban modeling

and applications such as autonomous navigation and smart city

planning. The integration of object detection and text recogni-

tion provides a more comprehensive and contextually relevant

solution to landmark extraction compared to traditional meth-

ods, ensuring robustness in rapidly changing and complex en-

vironments.

3.3 Local Map Generation

Local map generation is a crucial step in creating accurate and
dynamic models of urban environments, relying on data col-
lected from LiDAR sensors and Inertial Measurement Units
(IMUs). This process is foundational for understanding and
navigating complex spatial landscapes.

The process begins with the collection and synchronization of
data from LiDAR and IMU sensors. Synchronization is essen-
tial as it provides a consistent framework for spatial and tem-
poral measurements, which are necessary for precise state es-
timation and the construction of accurate maps. LiDAR sensors
generate high-resolution point clouds that capture the geometric
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Figure 3. Extracting environmental semantic information
through target recognition and OCR

structure of the environment, detailing features such as build-
ings, streets, and natural elements with great accuracy. Mean-
while, IMUs offer dynamic motion data by measuring linear
acceleration and angular velocity, which are critical for under-

standing the UAV’s movement and orientation in three-dimensional

space.

A tightly-coupled sensor fusion approach is employed to con-
tinuously estimate the UAV’s position, orientation, and velocity.
This method integrates data from both LiDAR and IMU, optim-
izing the estimation process and addressing specific limitations
associated with each sensor. For instance, LIDAR can struggle
in areas without distinct features, leading to gaps in data, while
IMUs can suffer from drift over time, which affects accuracy.
By combining these data sources, the fusion approach enhances
the reliability and precision of the mapping process.

The computational framework utilizes advanced optimization
techniques to minimize errors in odometry measurements. LIDAR
data is processed to generate dense point clouds, which are in-
crementally aligned using methods enhanced by inertial con-
straints. This alignment process is crucial for improving pre-
cision and ensuring that the data converges to form a coherent
map. The resulting point clouds are then merged to create de-
tailed local maps. These maps accurately represent the spatial
configuration of the environment and are capable of account-
ing for dynamic changes, such as moving objects or environ-
mental shifts. IMU data plays a pivotal role in maintaining ac-
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Figure 4. Keyframe extracted during the generation of local
maps

curate pose estimation, especially in scenarios where LiDAR
data might be compromised by occlusions or challenging con-
ditions, like poor lighting or reflective surfaces. Extended Kal-
man filtering provides robust motion estimates by effectively
combining the strengths of both LiDAR and IMU data, ensuring
that the UAV accurately determines its position and orientation.

By integrating LiDAR and IMU data, this method can quickly
and stably construct local maps, forming a basis for further pro-
cessing and analysis. These local maps serve as essential build-
ing blocks for broader mapping applications, ensuring that the
UAV can adapt to new data inputs and environmental conditions
effectively. This robust mapping capability supports a wide
range of applications, from urban planning and infrastructure
management to environmental monitoring, providing a reliable
tool for capturing the complexities of urban environments with
high fidelity.

3.4 Local Map Stitching

The process of stitching local maps into a cohesive global rep-
resentation is vital for building accurate and comprehensive 3D
models. This integration leverages environmental semantic land-
marks, which act as reliable anchors for aligning and merging
individual map segments. These landmarks, such as identifi-
able buildings, road intersections, and other distinctive urban
features, provide robust reference points that enhance both geo-
metric and semantic accuracy in map stitching (McCormac et
al., 2017).

Each local map M; consists of detailed geometric features and
semantic landmarks £; = {l1,l2,...,l,}. Each landmark I,
is identified by its spatial position pj and associated semantic
descriptor d,. These landmarks are detected using visual re-
cognition and OCR techniques, where only those results that
surpass a predefined confidence threshold are recorded. For
each detected feature, the system logs the recognition output,
confidence level, timestamp, and relative time from the video
start.

During the local map stitching process, UAVs extract multiple
keyframes from their recorded data.Keyframe registration is shown
in the Figure5S. Instead of matching every keyframe exhaust-
ively, the process involves checking the semantic information
associated with each keyframe. The keyframes extracted dur-
ing the local map construction process are shown in Figure 4
Only keyframes with matching semantic information proceed to
point cloud alignment using the Iterative Closest Point (ICP) al-
gorithm. This step ensures that the alignment process is guided

by robust semantic correlations, improving the accuracy and re-
liability of the map stitching (Li et al., 2019).

The stitching process employs a semantic-guided iterative closest
point (ICP) algorithm designed to minimize the transformation
error between overlapping map regions. The Iterative Closest
Point (ICP) algorithm is a widely-used method for aligning three-
dimensional point clouds, particularly in the context of com-
puter vision and robotics. Its primary objective is to minim-
ize the difference between two point clouds by iteratively re-
fining the transformation—typically consisting of rotation and
translation—that aligns them. The algorithm proceeds through
several key steps: initially, it selects an arbitrary transforma-
tion as a starting point. Subsequently, it identifies the closest
points between the source and target point clouds, calculates
the optimal transformation to minimize the distance between
these paired points, applies this transformation to the source
cloud, and evaluates the alignment error. This process is re-
peated until the error converges to a minimal value or a max-
imum number of iterations is reached. This algorithm enhances
traditional ICP methods by incorporating semantic information
into the alignment process, which is particularly advantageous
in environments where geometric features alone may be insuffi-
cient due to occlusions or sparse data (Cieslewski et al., 2018).
The objective function for alignment is expressed as:
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where R and t are the rotation matrix and translation vector
applied to the landmarks of map M;. The weight factor wy,
is computed based on the semantic similarity between corres-
ponding landmarks dﬁ’“’ and dﬁ/(j, using metrics like cosine
similarity:
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This semantic weighting ensures that landmarks with higher se-
mantic correlation exert greater influence on the alignment pro-
cess, significantly enhancing robustness and precision (Zhang
et al., 2021). The optimization involves iteratively adjusting R
and t to minimize the error function F(R,t), using advanced
optimization techniques such as Levenberg-Marquardt or gradi-
ent descent, which are well-suited for handling nonlinear prob-
lems. Once the optimal transformation parameters (R*,t*) are
determined, these are applied to merge the local maps into a
unified global map Mgjopar. The fusion process updates the po-
sitions and semantic descriptors of landmarks, ensuring con-
tinuity and coherence across the global map:

pkMglobul _ R*p,}:/li + t*, 3)
dMi dMJ
d}iwgk)bﬂl — k _|2— k . (4)

This systematic approach ensures both geometric consistency
and semantic coherence, facilitating accurate representation within
urban environments (Zhao et al., 2019).
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Figure 5. The red point cloud represents the keyframe extracted
from one local map, and the green point cloud represents the
keyframe extracted from another local map. The two keyframes
are registered using ICP.

Moreover, adaptive strategies are incorporated to manage the
dynamic elements and occlusions typical of urban landscapes.
By continuously updating semantic descriptors and leveraging
UAV data, the system dynamically adjusts to environmental

changes, maintaining the integrity and accuracy of the 3D model.

This semantic-driven approach significantly enhances the reli-
ability of urban mapping, providing a robust solution for real-
time 3D modeling (Lee et al., 2021).

The integration of semantic landmarks reduces susceptibility to
noise and discrepancies that often affect purely geometric fea-
tures. This capability is crucial for applications requiring high
precision and real-time updates. Furthermore, the ability to dy-
namically adjust to changes in the environment ensures that the
system remains robust and effective even in rapidly evolving
urban landscapes (McCormac et al., 2017).

4. EXPERIMENT

4.1 Hardware Equipment

In the experimental setup of the UAV - based collaborative map-
ping framework, the Livox Mid360 LiDAR and the Walksnail
Moonlight Kit camera are integrated, as depicted in Figure 7.
The Livox Mid360 LiDAR is selected owing to its wide - ran-
ging field of view and high - precision capabilities in generat-
ing 3D point clouds. It boasts a full 360 - degree field of view
and a detection range reaching up to 100 meters. Operating at
a frequency of 10 Hz, it facilitates data acquisition, which is
indispensable for dynamic mapping tasks. Additionally, it is
equipped with an integrated Inertial Measurement Unit (IMU),
which furnishes essential motion data, including linear acceler-
ation and angular velocity.The Walksnail Moonlight Kit cam-
era is employed for its remarkable high - resolution imaging
capabilities. It can capture 4K video, demonstrating superior
performance under low - light conditions.The UAV platform is
equipped with a robust onboard computer, the NVIDIA Jetson
Orin NX, which effectively meets the computational demands
of data processing. Its system architecture is designed to sup-
port the simultaneous processing and seamless integration of
LiDAR, visual, and inertial data. Built on the Ampere archi-
tecture GPU, which is equipped with 1024 CUDA cores and

Figure 6. Overall display of UAV

Figure 7. Hardware equipment used in the experiments: (a)
Livox Mid360 LiDAR, which provides a wide field of view and
high-precision 3D point cloud data; (b) Walksnail Moonlight Kit
Camera, offering high-resolution imaging for capturing detailed
visual data; (c) NVIDIA Jetson Orin NX, a powerful onboard
computer for processing and integrating sensor data efficiently.

32 Tensor cores, it delivers a computing power of up to 100
TOPS. The inclusion of an Arm Cortex - A78AE 64 - bit octa -
core CPU further enhances its overall processing efficiency.The
overall situation of UAV is shown in the Figure 6.

4.2 Experimental Scenario

The experimental setup is designed around two distinct scen-
arios to thoroughly evaluate the proposed UAV-based collabor-
ative mapping method.

The first scenario is located in an urban environment that fea-
tures both indoor and outdoor elements, akin to an urban canyon.
This area is characterized by numerous tall buildings and dense
architectural structures, which simulate the complex environ-
ments UAVs are expected to navigate as the low-altitude eco-
nomy continues to grow. Such environments are anticipated to
become commonplace for UAV takeoff and landing operations.

Local map1 of experiment 2 Local map2 of experiment 2 Local map2 of experiment 2

Figure 8. Local maps generated from two separate experiments
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Table 1. Comparison of ground truth and measured values in SLAM mapping showing absolute and relative errors for two experiments

Experiment | Truth(m) | Measured Value(m) | Absolute Error(m) | Relative Error(%)
5.56 5.78 0.22 3.95
7.58 7.45 0.13 1.71
| 12.36 12.65 -0.29 2.34
4.34 4.51 -0.17 3.91
8.24 8.05 -0.19 2.31
9.54 9.85 0.31 3.13
7.94 7.43 0.51 6.42
15.89 14.76 0.63 3.96
) 10.22 10.67 -0.45 4.40
19.01 20.73 -1.02 5.36
6.67 6.95 0.28 4.27
6.27 6.08 -0.19 3.01
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Figure 9. Figure (a) illustrates the global maps generated from the integration of data collected during two separate experiments.
These maps highlight the effectiveness of our UAV-based collaborative mapping framework in accurately reconstructing detailed 3D
models of the urban environment. Figure (b) depicts the flight trajectories followed by the UAVs in each experiment.

Testing in this scenario allows us to assess the method’s ability
to handle the intricate spatial dynamics and diverse structural
features typical of urban settings.

The second scenario is characterized by an environment with
significantly fewer structural features and reduced environmental
semantic information compared to the urban setting. This scen-
ario presents a greater challenge to the proposed method due to
its lack of distinctive landmarks and diminished semantic con-
text. By conducting experiments in such a setting, we can ef-
fectively evaluate the feasibility and robustness of the method
under conditions that are less information-rich and more typical
of constrained environments. This rigorous testing in a simpli-
fied environment helps demonstrate the method’s adaptability
and reliability when faced with minimal structural cues.

4.3 Experimental Results

The first experiment of this article was conducted in modern
urban indoor and outdoor spaces, which have complex spatial
structures and rich environmental semantic features. This ex-
periment used three unmanned aerial vehicles for collaborative
mapping. Three drones collected image data, laser point cloud
data, and IMU information during their respective flights. The
three trajectories in this experiment can effectively extract se-
mantic information from the environment, find keyframes based
on semantic information, and thus complete the stitching of
three local maps.The local maps of the two experiments are
shown in Figure 8. The global map and trajectories of Experi-
ment 1 and Experiment 2 is shown in Figure 9.

In scenarios where aircraft struggle to receive accurate GPS
satellite signals, and unlike ground-based unmanned vehicles,

UAVs face challenges in performing error assessments based
on loop closure detection. Therefore, we adopt a method lever-
aging specific optical markers to measure mapping accuracy.
In one set of experiments, we deployed 10 sets of optical mark-
ers.To quantify the mapping error in laser SLAM, reflective tape
is used as ground truth markers. This tape, characterized by
high laser reflectivity, is strategically placed in the real-world
environment, forming distinct features in the laser point cloud
that can be precisely detected by the SLAM algorithm. The pro-
cess involves measuring the actual distances between selected
pairs of reflective tape using a high-precision laser rangefinder
to establish ground truth baselines. These measurements are
then compared with the Euclidean distances between the cor-
responding tape pairs in the SLAM-generated map. The map-
ping error is calculated using two metrics: the absolute error,
defined as

Absolute Error = | Dmap — Dy, %)
and the relative error, given by

|Dmap - Dtruth‘

Relative Error =
D truth

x 100%. ©6)

By computing these errors for multiple tape pairs, we obtain
a quantitative assessment of the SLAM system’s accuracy in
indoor environments where GPS signals are unavailable. These
calculations for each tape pair provide a quantitative assessment
of the SLAM system’s accuracy. This approach offers a prac-
tical and cost - effective means to validate mapping perform-

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-X-1-W2-2025-1-2025 | © Author(s) 2025. CC BY 4.0 License. 6



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-1/W2-2025
13th International Conference on Mobile Mapping Technology (MMT 2025)
“Mobile Mapping for Autonomous Systems and Spatial Intelligence”, 20-22 June 2025, Xiamen, China

ance in indoor environments where GPS signals are unavail-
able.

5. CONCLUSION

This study presents a UAV-based collaborative mapping frame-
work designed to efficiently integrate heterogeneous data from
multiple UAVs for constructing and updating 3D models of
urban environments. By leveraging LiDAR and IMU data along-
side advanced visual and optical character recognition techniques,
the framework addresses the limitations of traditional 3D mod-
eling methods, particularly concerning update speed and scalab-
ility.

The integration of semantic feature extraction with LiDAR iner-
tial odometry enhances the precision and robustness of mapping
in complex urban settings. Our system also employs camera-
LiDAR calibration and cross-modal registration to further im-
prove mapping accuracy and reliability. Experimental results
across diverse scenarios, including mixed urban indoor-outdoor
and solely indoor environments, demonstrate the framework’s
adaptability and robustness. The feature-guided point cloud re-
gistration, supported by semantic alignment, consistently out-
performs traditional methods, validating its effectiveness in dy-
namic urban modeling.

This research provides a scalable and efficient solution for real-
time environmental mapping, applicable to urban planning, smart
city development, and other domains benefiting from up-to-date
3D models.
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