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Abstract

In this research, we propose a methodology to improve the performance of scan matching and point cloud segmentation for 3D
mapping of urban river environments. We also focus on the integration of depth image-based scan matching and spatial
segmentation using streaming LiDAR data embedded in GNSS/LiDAR-SLAM. Moreover, we conduct experiments using a
waterborne mobile mapping system to verify that our methodology can improve the stability and scalability of point cloud
processing and achieve high-speed processing even in measured environments that cause SLAM degeneration problems. In addition,
we propose a fast object classification based on rule-based segmentation using streaming point clouds.

1. Introduction

In this paper, we focus on 3D urban river mapping for
autonomous boat navigation with simultaneous localization and
mapping (SLAM). SLAM enables the generation of point
clouds and self-positioning data for various applications such as
3D mapping, virtual reality, augmented reality, mixed reality,
UAV flight control, and autonomous vehicle control.
Depending on the input data, SLAM can be classified by input
data into visual SLAM (SLAM using streaming imagery), depth
SLAM (SLAM using streaming depth imagery), and LiDAR-
SLAM (SLAM using streaming LiDAR point clouds). In the
field of surveying and construction, LIDAR has advantages
such as a wider 3D measurement range and greater resistance to
changes in illumination, thus, it is often used to measure large
areas and objects in changing weather conditions. Moreover,
LiDAR-SLAM is used to improve the efficiency of surveying in
local areas using UAV-LiDAR, handheld LiDAR, and wearable
LiDAR. In surveying and construction, SLAM facilitates real-
time or post-processing point cloud acquisition for ICT
construction and digital twinning of urban areas. For automated
3D mapping and modeling, 3D object recognition
methodologies based on model fitting and machine learning are

applied using dense point clouds acquired by SLAM processing.

In these topics, scan matching and point cloud segmentation are
key processes for tasks in 3D mapping, scan-to-BIM, and
autonomous robot operations. Segmentation techniques are
divided into image-based and 3D-based approaches, each with
unique advantages and disadvantages.

SLAM can be categorized into three main approaches: Bayesian
filter-based SLAM, graph-based SLAM, and scan matching-
based SLAM. The first approach, SLAM with Bayesian filters,
includes methodologies such as Rao-Blackwellized particle
filter (RBPF)-SLAM (Murphy, 2000) and extended Kalman
filter (EKF)-SLAM (Weingarten et al., 2005). Each
methodology has technical issues such as poor scalability and
limitations to 2D processing. The second approach, graph-based
SLAM, optimizes networks of sensors and feature positions
through non-real-time processing. Although graph-based SLAM
can estimate accurate pose and point clouds, this approach is
unsuitable for 3D urban river mapping because the edges of the

graphs are too long for accurate pose estimation. The third
approach, scan matching-based SLAM, is a real-time
processing method that aligns point clouds through optimization
computations. This approach can be further divided into
methodologies that require initial values, such as the iterative
closest point (ICP) algorithm (Chen et al., 1992) and the normal
distribution transform (NDT) algorithm (Biber et al., 2003), and
methodologies without initial values, such as the globally
optimal ICP algorithm (Yang et al., 2016), which ensures global
optimization without the need for an initial position. We focus
on scan matching-based SLAM with the ICP or NDT because
we use GNSS positioning data as reliable initial values in this
study. The ICP algorithm is a methodology for point cloud
matching that iteratively calculates the relative position and
orientation to minimize the distance between the base and
corresponding point clouds, as shown in Figure 1. However,
when the quality of initial values is low, the ICP algorithm
tends to remain in a local optimum. The NDT algorithm
approximates the set of points within each grid using a normal
distribution, which reduces the processing cost based on a grid-
based approach.
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Figure 1. Example of ICP and LiDAR-SLAM

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-4-W15-2025-121-2025 | © Author(s) 2025. CC BY 4.0 License. 121



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-4/W15-2025
20th 3D Geolnfo Conference 2025, 2-5 September 2025, Kashiwa, Japan

In this study, we apply the ICP algorithm because we focus on
using GNSS data for precise initial values, eliminating
parameter settings such as grid size optimization, and achieving
higher accuracy in point cloud matching. However,
conventional ICP algorithms have technical issues, including
high computational cost depending on point cloud volume,
sensitivity to spike noise in local optimization, and SLAM
degeneration problem, as shown in Figure 2. To address these
limitations, we improve the computational cost and robustness
to spike noise and SLAM degeneration.
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Figure 2. Example of SLAM degeneration

In this research, we propose a methodology to improve the
performance of scan matching and point cloud segmentation for
3D mapping of urban river environments. We also focus on the
integration of depth image-based scan matching and spatial
segmentation using streaming LiDAR data embedded in
GNSS/LiDAR-SLAM. Through experiments with a waterborne
mobile mapping system (MMS), we verify that our proposed
methodology can achieve the performance improvement of
simultaneous mapping with point cloud acquisition even when

measured environments that cause SLAM degeneration problem.

Moreover, we propose a fast object classification of streaming
point clouds based on rule-based segmentation.

2. Methodology

Our methodology consists of GNSS/LiDAR-SLAM, depth
image-based scan matching for LiDAR-SLAM, and spatial
segmentation using streaming LiDAR data, as shown in Figure
3.
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Figure 3. Methodology

3) Spatial segmentation
using streaming LiDAR data

The GNSS/LiDAR-SLAM is a combination of GNSS
positioning and self-position estimation using SLAM with
LiDAR. The GNSS/LiDAR-SLAM uses GNSS and LiDAR
data for pose estimation and point cloud integration with
GNSS/mon-GNSS  seamless positioning. Point clouds are
acquired using horizontal and oblique LiDARs. For pose
estimation, the horizontal LiDAR is used to estimate position
and yaw angle, and the oblique LiDAR is used to estimate roll
and pitch angle, based on depth image-based scan matching.
The point clouds acquired by the oblique LiDAR are mainly
used for point cloud integration with the estimated pose data.
Moreover, labeled point clouds are generated by spatial
segmentation using streaming oblique LiDAR data.

2.1 GNSS/LiDAR-SLAM

GNSS/LiDAR-SLAM is a processing that simultaneously
achieves point cloud generation and seamless GNSS/non-GNSS
positioning by integrating GNSS positioning with external
orientation parameter estimation through LiDAR-SLAM
(Nakagawa et al., 2023). The methodology includes LiDAR-
SLAM based on ICP scan matching, the rectification of external
orientation parameters using GNSS positioning results, and the
integration of point clouds using the rectified external
orientation parameters based on loosely coupled processing.
The LiDAR data for GNSS/LiDAR-SLAM is acquired using
3D multi-layer LiDAR, which is capable of acquiring point
clouds with multiple cross-sectional information. Our proposed
GNSS/LiDAR-SLAM  which achieves seamless GNSS/non-
GNSS positioning follows a loosely coupled processing
integrating GNSS data as reference points and LiDAR-SLAM
results as inertial data. In this framework, GNSS position data
are used for data rectification of accumulated errors in self-
position and attitude estimates derived from LiDAR-SLAM.
The GNSS/LiDAR-SLAM eliminates the need for loop closure
to adjust accumulated errors, thus, this methodology is suitable
for measurements in rivers where loop closure is impractical.
Precise point positioning (PPP) using the centimeter-level
augmentation service (CLAS) is applied as real-time kinematic
PPP (RTK-PPP) (Mimura et al., 2020) for global position data
acquisition in  GNSS/LiDAR-SLAM. While PPP-RTK
positioning with CLAS provides slightly lower accuracy
compared to RTK-GNSS positioning, it is limited to use within
Japan. However, the PPP-RTK methodology using CLAS offers
advantages in terms of availability and convenience, as
positioning is possible without reference station installation,
continuous communication with reference stations, and the
consideration of baseline length constraints to maintain
positioning accuracy.

2.2 Depth image-based scan matching for LIDAR-SLAM

In LiDAR-SLAM, many conventional methods use a scan
matching processing that matches paired scenes using ICP or
NDT processing. Paired scenes are required to have sufficient
geometric overlap, and point-to-point, point-to-line, and point-
to-plane are applied in the scan matching processing. In the
scan matching processing, initial values for the rotation matrix
and translation vectors improve the stability of the processing.
In LiDAR inertial odometry (Gao, et.al, 2024), IMU data are
used as initial values for a tightly-coupled position and
orientation estimation processing with scan distortion
rectification processing and point-to-plane scan matching using
multiple planes with different normal vectors, or scan-to-map.
The GNSS/LiDAR-SLAM also uses GNSS positioning data
acquired in a GNSS positioning environment as initial values
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for the scan matching processing. Although both the LiDAR
inertial odometry and GNSS/LiDAR-SLAM approaches use
initial values to streamline the scan matching processing, the
final accuracy and overall processing speed of the scan
matching processing depends on the performance of the
corresponding point finding processing. The ICP algorithm
evaluates the distances between the base and corresponding
point clouds. Even if the number of point clouds is large, a fast
processing can be achieved if the nearest neighbor search is
performed only on sample points. However, the ICP algorithm
has a technical issue of high computational complexity of the
nearest neighbor point search. The NDT algorithm
approximates the distribution of points belonging to each voxel
as a Gaussian distribution and evaluates the likelihood with the
corresponding point cloud. The voxel size setting when
converting point clouds to voxels has a significant impact on
the processing performance. Based on these technical issues, we
proposed a methodology to improve the accuracy and
processing speed of the scan matching processing by omitting
the neighborhood search processing and the cell size
determination processing by depth image-based scan matching,
which consists of depth image generation and subtraction, as
shown in Figure 4.
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Figure 4. Depth subtraction in depth image-based LiDAR-
SLAM

The processing flow of depth image-based scan matching for
LiDAR-SLAM is shown in Figure 5. First, a base depth image
is obtained by using the scan angle in the LiDAR coordinate
system to project a set of points onto an image with the vertical
scan angle as the vertical axis and the horizontal scan angle as
the horizontal axis. The resolution of the image is determined
by the scan angle resolution of the LiDAR, which solves the
technical issue of determining the resolution of the voxel size in
the NDT algorithm. Next, the corresponding depth image is
generated by back-projecting the corresponding point clouds
after rotation and translation to the base depth image. By
applying an image subtraction between the base depth image
and the corresponding depth image, the neighborhood point
search problem becomes an image subtraction problem. This
reduces the computational load by simplifying the 3D distance

minimization to the 1D distance (depth) minimization between
the base point clouds and the corresponding point clouds. This
idea also eliminates the neighborhood point search processing,
which is a technical issue of the ICP algorithm. Our
methodology requires repeated generation of depth images due
to the amount of searching for the rotation and translation
parameters of the corresponding point clouds. Thus, the depth
image generation process is a bottleneck step in our proposed
methodology. However, a rapid rasterizer that geometrically
simulates for point cloud self-occlusion (Nakagawa, et.al, 2014)
is applied to speed up the overall processing.
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Figure 5. Depth image-based scan matching for LIDAR-SLAM

2.3 Spatial segmentation using streaming LiDAR data

Research on conventional point cloud segmentation can
generally be divided into two main categories: image-based
segmentation and segmentation in 3D space. For image-based
approaches, a variety of methodologies have been proposed,
such as PointSeg (Wang et al., 2018), RangeNet++ (Milioto et
al., 2019), and SqueezeSegV3 (Xu et al., 2020). PointSeg is a
semantic segmentation approach suitable for road object
detection. It processes LiDAR point clouds that are projected
into panoramic images using a convolutional neural network
(CNN). The network is built on SqueezeNet (landola et al.,
2017), which achieves a performance level comparable to
AlexNet (Krizhevsky et al., 2012).

RangeNet++ operates on depth images, while SqueezeSegV3 is
designed to exploit both camera images and point clouds by
analysing similarities and differences in their features. These
three methodologies share common application domains,
notably autonomous driving and robotics. Their common
strategy is to transform point clouds into range images, enabling
real-time processing.

In contrast, segmentation techniques that operate directly in 3D
space include Volumetric CNN (Qi et al., 2016a), PointNet (Qi
et al., 2016b), and PointNet++ (Qi et al., 2017). Volumetric
CNN converts point clouds into voxel grids and applies 3D
convolution after voxelization. However, this approach deletes
local geometric details and incurs high computational cost.
PointNet addresses the unordered point clouds by combining
global and local feature extraction. It also employs T-Net, a
network that learns an affine transformation to ensure
invariance to rotation and translation of the input point clouds.
Despite these advantages, PointNet struggles to capture local
neighborhood structures. Therefore, PointNet++ introduces a
hierarchical learning strategy: it repeatedly samples and groups
point sets, applying PointNet to each subset to extract local
features. This hierarchical design enables more accurate
segmentation of complex point clouds.
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The image-based point cloud segmentation methodology can
improve the processing cost and time. Thus, the image-based
point cloud segmentation methodology is suitable for
segmenting large streaming point clouds. However, the number
of geometrical features captured in a single frame depends on
the scanning range. Furthermore, it is not easy to segment
objects that require observation. We focused on preprocessing
with simple clustering and segmentation of point clouds, which
tends to improve both the processing efficiency and prediction
accuracy in deep learning for point clouds. Moreover, although
many previous studies have addressed the segmentation of
streaming point clouds in road environments, there are no
examples of for their application to streaming point clouds
acquired from boats on urban rivers due to few training data.
Therefore, we aimed to develop a simple segmentation
methodology for streaming point clouds used for preprocessing
such as an automatic annotation labeler to improve the
performance of deep learning with streaming point clouds
across multiple frames to map a single geometrical feature. In
contrast, the 3D spatial segmentation methodology of point
clouds is suitable for extracting many features from multiple
frames of streaming point clouds covering large objects.
However, the processing cost is worse than that of image-based
segmentation. Therefore, we focus on these advantages and
disadvantages, and we propose a hybrid methodology of
streaming point cloud segmentation, which combines a high-
speed processing function of the image-based point cloud
segmentation and the function of feature extraction from point
clouds in the methodology of 3D spatial segmentation of point
clouds.

This paper describes segmentation using oblique 3D-LiDAR.
An overview of the spatial segmentation using streaming
LiDAR data is shown in Figure 6. In the segmentation of
streaming point clouds, revetment detection, height clearance
filtering, and the point cloud labeling are applied to the point
clouds obtained in each scene. The labeled point clouds are

integrated into the labeled point clouds of the subsequent scenes.
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Figure 6. Spatial segmentation

Revetment detection first determines the initial horizontal
position of the revetment. If the top of the revetment is higher
than the LiDAR height, far points are extracted from the
LiDAR on the horizontal section are extracted from each scan
line. Next, revetment lines are detected using the extracted far
points by line extraction with robust estimation such as least
median squares. The detected revetment lines are used to
extract objects, such as revetments, and obstacles. Revetments
are extracted using buffered revetment lines, as shown in Figure
7. Moreover, normal vectors of point clouds are also estimated
with range image-based segmentation using optical vectors
from LiDAR to remove noise such as bridges and vegetation.

Then, obstacles are extracted from point clouds in or around the
water area using clearance filtering. The obstacles are divided
into two types of objects. The first obstacles are objects
required for 2D boat navigation such as piers and other boats.
The second obstacles are objects for 3D boat navigation such as
girders of bridges and vegetation. The value of the clearance
height depends on the size of the boat and tidal changes.
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Figure 7. Examples of revetment line detection
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3. Experiments

We selected the Kanda River and the Nihonbashi River as our
experimental areas, as shown in Figures 8 and 9. The Kanda
River is a moderate GNSS positioning environment consisting
of open sky areas and non-GNSS positioning areas due to
bridges. The Nihonashi River is a poor GNSS positioning
environment because the almost all the sections are under the
Metropolitan Expressway, as shown in Figure 10.
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We developed a waterborne MMS integrated on an autonomous
battery-powered boat named Raicho I, as shown in Figure 11.
For dense point cloud acquisition, and pose estimation, we used
horizontal and oblique scanning LiDAR at a frequency of 10 Hz.
Moreover, we used a GNSS antenna connected to a GNSS
receiver for PPP based on real-time kinematic positioning with
CLAS using quasi-zenith satellite systems.
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Figure 11. Waterborne MMS

We acquired two datasets, as shown in Table 1, at a navigation
speed of 4 to 6 knots in a nearly windless environment when the
tidal level in Tokyo Bay was low. The first dataset was mainly
used to evaluate the performance of GNSS/non-GNSS seamless
positioning and underwater mapping (Nakagawa et al., 2024).
Both datasets were mainly used to evaluate scan matching in
GNSS/LiDAR-SLAM processing. We describe our results in
this paper using LiDAR data in both datasets. The number of
streaming point clouds acquired is shown in Table 2.

Table 1. Datasets

Dataset ID 1 2
X 10:00-11:30, 10:30-11:30,
Date and time
October 13, 2023 October 28, 2024
Front LIDAR Oblique VLP-32C Horizontal VLP-32C
scanning LIDAR  (Velodyne) |scanning LIDAR  (Velodyne)
Rear LIDAR Horlzo.ntal ) VLP-32C Obllqu.e ) VLP-16
scanning LIDAR  (Velodyne) |scanning LIDAR  (Velodyne)
CLAS AsteRx4 CLAS Cohac Ten
GNSS (PPP-RTK) (ZECE))RE'; . (PPP-RTK) (CORE)
RTK-GNSS
(u-blox)
Multi-beam Bv5000
Sonar ) (Teledyne
scanning sonar X
BlueView)
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Table 2. Acquired LiDAR data

Dataset ID 1 2
The number of frames 38,501

The number of point clouds

(horizontal scanning)

The number of point clouds

(oblique scanning)

The number of point clouds

(total)

33,001

1.6 billion points 1.3 billion points

1.1 billion points 0.5 billion points

2.7 billion points 1.8 billion points

4. Results and discussion

The processing time for GNSS/LiDAR-SLAM was 0.08139
[second/frame] (3399 seconds for dataset 1, and 2421 seconds
for dataset 2. Processing environment: CPU: Intel Core Ultra 7
(3.80 GHz), RAM: 32 GBytes) for the generated point clouds
(Figure 12). We confirmed that the processing time was higher
than 10 Hz of LiDAR data acquisition. Moreover, average error
of scan matching was approximately 0.02-0.03 m/frame. Thus,
we confirmed that the scan matching accuracy reached the same
value as the LiDAR range accuracy of 0.03 m (catalog value).

) Nishikanda

Figure 12. GNSS/LiDAR-SLAM processing results

Figures 13 shows the comparison result of the scan matching
performance. In our comparative evaluation, the point-to-point
based ICP matching was applied to the scan matching as the
conventional LIDAR-SLAM. The conventional LiDAR-SLAM
result shows that the pose estimation was failed due to the
SLAM degeneration problem although the scan matching error
was about 0.03 m. Figures 13 also show that the conventional
LiDAR-SLAM estimated smooth poses, however the integrated
point clouds were distorted. Thus, the estimated poses
contained errors caused by the SLAM degeneration problem. In
contrast, the result of our proposed methodology shows that the
SLAM degeneration problem was avoided so that the shapes
and boundaries of revetments, bridges, and buildings are clearly
represented, as shown in the visualized result using all scan data
and integrated point clouds.
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Figure 14 shows spatial segmentation results generated from
streaming LiDAR point clouds. Distances to obstacles for
revetment detection were automatically estimated, and the
clearance height was temporarily set to 3 m above the water
surface. Yellow points indicate the estimated revetments, and
red points indicate the estimated obstacles for boat navigation,
such as bridges, piers, and other objects. The processing time
was 0.0206 [second/frame] (Processing environment: CPU:
Intel Core Ultra 7 (3.80 GHz), RAM: 32GBytes).
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Figure 14. Spatial segmentation results

5. Conclusion

In this research, we proposed a methodology to enhance scan
matching and point cloud segmentation for 3D mapping of
urban rivers by integrating depth image-based scan matching
with spatial segmentation using streaming LiDAR data
embedded in GNSS/LiDAR-SLAM. Experiments with a
waterborne MMS demonstrated improved stability, scalability,
and processing speed even in measured environments that may
cause SLAM degeneration problems. We also confirmed that
our fast classification based on rule-based segmentation using
streaming point clouds can achieve accurate classification
comparable to conventional image-based and 3D-based point
cloud segmentation approaches. Future work includes a higher
level of point cloud segmentation for 3D modeling with level of
detail for CityGML and 3D model design for real-time
navigation of an autonomous boat.
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