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Abstract: To efficiently organize large quantities of acoustic multibeam bathymetric point
clouds, this paper proposes an improved oriented quadtree-based method for establishing
a data indexing structure stored on a hard disk. First, the spatial characteristics of the
multibeam swath data are integrated into the traditional quadtree structure, resulting in an
oriented quadtree for data organization. Then, the primary orientation of the root node’s
bounding box, which reflects the main orientation of the swath, is consistently applied to
all child nodes, eliminating the need to calculate the orientation for each individual child
node by the conventional oriented quadtree. Finally, index files containing the point cloud
offset, oriented bounding box, and child node information for root, child, and leaf nodes
are designed and stored in external storage. Experimental results indicate that, in terms
of tree construction time, although the traditional quadtree reduces time consumption by
approximately 50% compared to the improved oriented quadtree, the improved oriented
quadtree still achieves a 70% reduction in time consumption compared to the conventional
oriented quadtree. Regarding point cloud retrieval, within the same retrieval range, the
improved oriented quadtree achieves similar average retrieval times as the conventional
oriented quadtree but reduces the maximum time consumption by approximately 20.83%
compared to the traditional quadtree. Furthermore, by storing the constructed index in
binary format on external storage, the space occupancy was reduced by 50%. The approach
effectively organizes acoustic multibeam bathymetric point clouds, providing valuable
insights for enhancing point cloud retrieval efficiency and reducing data memory usage.

Keywords: multibeam sonar; large quantities of point clouds; oriented quadtree; index
files; data retrieval

1. Introduction
Serving as one of the most commonly used acoustic remote sensing techniques, the

multibeam echo-sounder systems (MBESs) are widely used for underwater topography
and geomorphology surveys and sediment classification, with the characteristics of high
efficiency and wide coverage [1–3]. In the shallow water environment, the maximum
ping rate of the MBES can reach 70 Hz (e.g., Teledyne Reson T50 multibeam sonar), with
each ping generating between 256 and 1024 sounding points. Consequently, the MBES
can produce a high-coverage swath consisting of large quantities of soundings along
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the trackline [4,5], which presents a challenge for post-data processing [6]. Due to the
limitations of computer memory, relying solely on in-memory for data storage is impractical.
Furthermore, it is essential to construct a suitable data structure to organize the data for
efficient retrieval.

To achieve the efficient processing of point clouds, a commonly used method is to pre-
build indexes on the point cloud data based on computer memory for better organization.
This approach offers the advantages of fast speed, low latency, convenient data operations,
and reducing disk I/O bottlenecks [7]. However, when handling massive point clouds, even
if the data can be stored in memory, excessive memory usage can easily lead to computer or
software freezes, necessitating external hard-disk storage [8,9]. Relying solely on external
storage for data organization and I/O operations may result in slower performance and
increased time latency, which hinders efficient processing. Therefore, it is essential to
develop an effective out-of-core mechanism that optimizes the use of limited memory
resources in conjunction with external storage to facilitate the rapid operation of large-scale
datasets [10]. This hybrid data organization strategy leverages the speed of memory while
utilizing the capacity of external storage, enabling the efficient handling and processing of
massive point clouds [11]. To maximize effectiveness, the data scheduling system between
memory and external storage must be meticulously designed and optimized [12,13].

The effective organization and scheduling of large-scale point cloud data rely on
optimized strategies, including spatial partitioning, hierarchical storage management,
multi-resolution representation, and distributed computing frameworks. These method-
ologies substantially improve processing efficiency and enable practical applications in
massive multibeam point cloud analysis [14,15]. Current mainstream point cloud manage-
ment systems adopt distinct technical approaches: Open Scene Graph (OSG) demonstrates
superior performance in local real-time rendering through its advanced level-of-detail
(LOD) management and view frustum culling algorithms [16], while Potree specializes in
the web-based visualization of billion-scale point clouds using octree spatial indexing and
adaptive chunk-loading mechanisms [17]. Notably, the Point Cloud Library (PCL) pro-
vides comprehensive data organization capabilities through integrated KD-tree and octree
structures, establishing itself as an essential toolkit for large-scale point cloud processing.

The key to the efficient management of spatial data lies in the creation of a well-
structured data index [18]. Spatial indexes utilizing data structures such as the KD tree [19],
R-tree [20], quadtree [21], and octree [22] are commonly employed to organize spatial point
clouds. While the K-D tree enhances retrieval efficiency, it demands substantial memory for
extensive index lookups [23]. R-trees provide flexibility and adjustability; however, over-
laps in intermediate nodes may reduce lookup efficiency [24]. Quadtrees are particularly
suited for the spatial indexing of two-dimensional data [25], while octrees are more appro-
priate for three-dimensional data [26]. To facilitate operations such as loading, displaying,
and rendering large point cloud datasets, contemporary methods predominantly utilize
the octree structure for data organization, combined with out-of-core and level-of-detail
(LOD) techniques, allowing for efficient point cloud operations with minimal memory
usage [27,28]. In contrast to land terrain derived from 3D LiDAR, seabed terrain typically
consists of extensive flat areas with relatively subtle elevation changes and few prominent
features. Utilizing an octree structure for organizing multibeam sonar point clouds can
result in storage redundancy in the Z-direction [29]. Consequently, employing a quadtree
structure to index and organize multibeam soundings is more appropriate. Furthermore,
based on the principles of multibeam field operation, ensuring the comprehensive coverage
of the seabed terrain necessitates that survey vessels follow designed survey lines, resulting
in the acquisition of long-swath data. During the actual data acquisition process utilizing
multibeam systems, the direction of the swathes is generally parallel to the isobaths. In most
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cases, this orientation is not aligned with the axial direction [30,31]. When constructing
a conventional quadtree index, the calculation of its bounding box does not consider the
principal direction of the point cloud. Therefore, particularly in the case of multibeam
swath (the long coverage area formed by quantities of pings when the ship sails along the
survey line [32]) point clouds, the use of a conventional quadtree index may lead to an
increase in empty nodes and excessive index depth [33].

Thus, to address these issues, this paper presents an improved oriented quadtree-
based method for organizing large quantities of multibeam sonar bathymetric soundings.
By incorporating the characteristics of multibeam swath-shaped point clouds, we introduce
an oriented bounding box into the conventional quadtree structure. Additionally, by
leveraging the principle of out-of-core technique, we manage these point clouds with both
computer internal and external storage, thereby achieving efficient organization and an
index of extensive multibeam point clouds.

2. Methods
To manage and query large multibeam bathymetric datasets efficiently, this study inte-

grates quadtree structures with an oriented bounding box, forming an oriented quadtree.
The improved oriented quadtree simplifies the tree-building process by utilizing the main
direction of the root node. The corresponding indexing mechanism further enables rapid
data retrieval within search ranges, i.e., the region-of-interest area. The following sec-
tions detail the design and integration of these components for efficient bathymetric
data management.

2.1. Quadtree Structure

In 1998, Tayeb proposed quadtree indexing, a tree-like data indexing structure compris-
ing three sorts of elements: root nodes, child nodes, and leaf nodes, with up to four children
per node [34]. The root node represents the entire spatial domain of interest. It serves as
the entry point of the quadtree hierarchy and stores all data points before any subdivision
occurs, as depicted by the topmost node in Figure 1. Child nodes are the direct subdivisions
of the root node. Each child represents a quadrant of the parent node’s spatial region, as
depicted by the second-level node in Figure 1. Leaf nodes in the quadtree are terminal
nodes that are not subdivided further, and they do not have child nodes, making them the
“endpoints” of tree traversal and representing the lowest level in the hierarchy, as depicted
by the lowest-level node in Figure 1.

Figure 1. Schematic diagram of quadtree structure.
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It represents the smallest spatial unit in the hierarchy, containing the final set of data
points. The idea behind quadtree indexing is to divide two-dimensional objects in each
space into a cyclic recursive framework. The two-dimensional object at the root node is
split into four equal child nodes through a recursive procedure in this process. To avoid
infinite recursion, a threshold must be set to restrict the number of recursive divisions. The
hierarchical division’s termination criterion is this threshold. Establishing a maximum
division depth or establishing a minimum value for each node in the set are two popular
approaches. The quadtree indexing procedure is finished once the threshold is reached [35].
The two-level complete quadtree division and its schematic structure are shown in Figure 1.

2.2. Oriented Bounding Box and Oriented Quadtree

An oriented bounding box (OBB) is the smallest bounding box generated in the
direction of the principal components of an object that surrounds it. An axis-aligned
bounding box (AABB) is the smallest rectangle (or rectangular prism in three-dimensional
space) that is aligned with the coordinate axes and fully encloses all data points, and the
edges of the bounding box are always parallel to the X, Y (and Z in 3D) axes. In comparison
to the AABB, the OBB can approximate the object with the greatest possible degree of
precision in accordance with the shape characteristics of the object. This results in a more
compact representation and the elimination of redundant space [36,37]. Figure 2 illustrates
a comparison between AABB and OBB using a tiger model. In the first image, where the
tiger is aligned with the coordinate axes, the AABB and OBB overlap. However, in the
second and third images, where the tiger is not aligned with the axes, the AABB leaves
noticeable gaps, while the OBB, oriented along the object’s principal direction, closely
fits the tiger’s shape. This demonstrates that AABBs are better suited for data with weak
directionality, whereas OBBs are ideal for data with strong directional characteristics [38].

Figure 2. Comparison between AABB and OBB [37].

Since the multibeam bathymetric point clouds are uniformly distributed along the
trajectory line, with most of them not perpendicular to the axial direction, the oriented
bounding box is the best option for the root node of the multibeam bathymetric point
clouds for quadtree partitioning. A comparison of the data quadtree and oriented quadtree
is presented in Figure 3. The dataset is composed of multibeam-measured data, comprising
approximately half a million points. The threshold for quadtree division is set at a maximum
of 50,000 for each node, and finally, the comparison of quadtree and oriented quadtree
is obtained, and it can be seen from Figure 3a that the node distribution of the quadtree
is not uniform, and it is easy to produce empty nodes, and it can be seen from Figure 3b
that the oriented quadtree is more able to closely surround the point cloud data, the
node distribution is balanced, and the probability of generating empty nodes is greatly
reduced. The comparison of Figure 3a,b shows that the oriented quadtree creates a quadtree
with a shallower depth and fewer nodes than the standard quadtree. By performing this,
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the number of redundant and empty nodes is successfully decreased, improving the
query’s efficiency.

 

(a) (b) 

Figure 3. Schematic comparison of quadtree and oriented quadtree: (a) quadtree index structure;
(b) Oriented quadtree index structure.

The calculation of the oriented bounding box is mainly to determine the optimal
orientation using the first and second order statistical properties of the vertex coordinates
and to find the minimum size of the bounding box in this orientation [39]. In this paper,
the principal component analysis (PCA) algorithm is applied to the original point cloud
to determine the final bounding box based on the analysis results. The effect of the z-axis
orientation can be ignored since only the corresponding oriented bounding box of the point
cloud plane needs to be calculated and divided by the quadtree index. The specific steps
are as follows:

1. The principal axis orientation of the point cloud is determined by performing PCA on
the raw point cloud data. The main steps of PCA are as follows:

1.1 Calculate the center of mass p of the point cloud as shown in Equation (1).

p = (x, y); x =
1
n

n

∑
i=1

xi; y =
1
y

n

∑
i=1

yi (1)

where x and y refer to the average x-coordinate and y-coordinate of all points,
respectively; n is the number of points.

1.2 Translate the point cloud data p′
i to the center of mass as shown in Equation (2)

so that the center of mass is located at the origin of the coordinates.

p′
i = pi − p (2)

where p′
i is the centralized point and pi is the original point.
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1.3 Construct the covariance matrix C of the centered point cloud data and calcu-
late the covariance matrix as shown in Equation (3).

C =
1

n − 1

n

∑
i=1

p′
i(p

′
i)

T

(3)

where the superscript T represents the matrix transpose.
1.4 The eigenvalue decomposition of the covariance matrix is performed to solve

for the eigenvectors as shown in Equation (4).

Cvj = λjvi (4)

where λj is the eigenvalue, and vj is the corresponding eigenvector.
1.5 Arrange the eigenvalues in descending order and obtain the corresponding

eigenvectors and the principal axis direction of the point cloud data.

2. Rotate the centralized point cloud p′
i along the coordinate origin by the major axis

square degree so that the major direction of the rotated point cloud aligns with the
coordinate axis to obtain the rotated point cloud p′

o.
3. At this point, the main direction of the rotated point cloud p′

o has been aligned with
the coordinate axes, so the AABB (axis-aligned bounding box) is calculated for the
rotated point cloud.

4. Rotate the AABB back to the corresponding position of the original point cloud and
perform decentralization processing. The resulting oriented bounding box is the OBB
(oriented bounding box) of the original point cloud.

2.3. Construction and Retrieval of Defined Index Files

The oriented quadtree is a tree structure model that describes two-dimensional space
by integrating the oriented bounding box with the traditional quadtree. It uses the oriented
bounding box of the original point cloud as the root node to subdivide the quadtree. Each
non-leaf node represents an oriented bounding box corresponding to the current spatial
data, aligned with the principal component direction of the original point cloud.

To address the issue of large-scale data memory usage, this paper employs the out-of-
core strategy, constructing the oriented quadtree index file in external storage. To minimize
file storage space usage and enhance the read/write efficiency of external storage files, a
binary method is used to organize the quadtree index file. The index construction, external
storage organization, and retrieval process of the oriented quadtree are illustrated in
Figure 4. Additionally, this paper proposes an improvement to the oriented quadtree based
on the spatial distribution characteristics of the multibeam swath point cloud. Specifically,
when subdividing the quadtree of a single swath point cloud, the main direction of the
root node is used instead of the direction of each child node. This approach eliminates
the need to compute the direction for the point cloud within each child node, thereby
significantly improving the efficiency of constructing the oriented quadtree compared to
conventional methods.

The following are the precise steps for creating an oriented quadtree external memory
index, with the pseudo-code displayed in Algorithm 1:

1. The multibeam bathymetric point cloud data are accessed using memory mapping
technology, with the coordinates of the first point serving as the reference offset.
Subsequently, the coordinates of all following points are adjusted by subtracting this
offset to obtain the relative offset point cloud data. This step aims to reduce the
numerical range in subsequent calculations, improving computational efficiency and
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accuracy. Next, the segmentation threshold is initialized and set at 2.5% of the total
number of points in the original point cloud data for this experiment.

2. Calculate the oriented bounding box of the point cloud and record its principal axis
direction. Use this oriented bounding box as the root node of the quadtree, then
divide the space into four equal parts based on the oriented bounding box, assigning
the corresponding point set in each area to the four child nodes of the current node.
Recalculate the bounding box of the child nodes according to the principal axis
direction of the original point cloud. If the number of points in a child node exceeds
the threshold, continue subdividing the quadtree until all leaf nodes contain fewer
points than the threshold.

3. In constructing the oriented quadtree index, the offset and oriented bounding box
information of the root node and its child nodes are recorded in the root node file.
The child node files contain the oriented bounding box information and its corre-
sponding child nodes. For leaf nodes, the files include the oriented bounding box
data, neighboring node information, and point-set details. As shown in Table 1, this
oriented quadtree index information is iteratively serialized to the computer’s hard
disk, creating the external oriented quadtree index file. This process completes the
establishment of the oriented quadtree spatial index. This process not only com-
pletes the construction of the oriented quadtree spatial index but also ensures efficient
storage and fast access to the index data.

Figure 4. Flowchart of index construction and retrieval.

Table 1. Oriented quadtree external storage index file information.

Root Node Child Node Leaf Node

Point cloud offset Oriented bounding box
information

Oriented bounding box
information

Oriented bounding box
information Subnode file information Neighbor node file

information

Subnode file information Current node point set
information
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Algorithm 1. External memory oriented quadtree index construction

Input: Points, oriented bounding box (OBB), maxPointsPerNode and mainDirection
Function QuadTreeSegmentation(Points, OBB, maxPointsPerNode, mainDirection):
if size(Points) < maxPointsPerNode
Create a leaf node and store Points in it
return leaf node
end if
Initialize: Sub-obbs list SubOBBs = ComputeSubOBBs(OBB)
Initialize: Sub-points list SubPoints = [[], [], [], []]
for each point p in Points:
Determine sub-obb p belongs to and add p to the corresponding Sub Points[i]
end for
Recalculate SubOBBs using mainDirection, SubPoints
for each sub-region i (from 1 to 4):
if SubPoints[i] is not empty:
SubNode = QuadTreeSegmentation(SubPoints[i], SubOBBs[i], maxPointsPer Node,
mainDirection)
Add SubNode to the children of Node
end if
end for
return Node
Function ComputeSubOBBs(OBB):
Center = Calculate the center point of the OBB
Side-center-point list SideCenters = Calculate the side center points of the OBB
OBBs = Calculate the first sub-boundary using OBB, Center and SideCenters
return OBBs
End Function
# Initialize the quadtree segmentation process
RootNode = QuadTreeSegmentation(Points, OBB, maxPointsPerNode, mainDirection)

3. Results
Experimental data acquired by a Kongsberg EM2040 multibeam echo-sounder (the

maximum range is 600 m; range resolution is 1.25 cm; the angular sector used in this
survey is approximately ±60◦; the number of beams is 512) are utilized in this study.
The data were collected near Nanji Island, Wenzhou City, China, in 2018. The study
area encompasses three islands, with geographic coordinates approximately ranging from
121.022◦E to 121.122◦E and 27.405◦N to 27.471◦N. Ten multibeam swathes were selected
for experimental analysis, each containing over one million points. The minimum number
of points was 1,026,000, and the maximum number was 10,776,400 (as shown in Table 2).
The selected multibeam swathes were 1~5 km in length and approximately 12.3~26.5 m
in depth, with an average resolution of approximately 0.2 m. The specific research area
and the seabed topography map of the selected multibeam survey line are illustrated in
Figure 5. To validate the effectiveness of the proposed method, the index building time and
retrieval time for the traditional quadtree, conventional oriented quadtree, and improved
method were measured and compared. The algorithms were implemented using the VTK
(Visualization Toolkit, version 8.2.0) library and compiled with Visual Studio 2022 and
QT 6.5.2. The computer configuration used for this study was an Intel® Core™ i5-12490F
CPU with six cores and twelve threads running at 3.0 GHz with 32 GB of RAM.
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Table 2. Comparison of index construction time by different methods.

Swath
Number

Number of
Point Clouds

Traditional
Quadtree (s)

Conventional Oriented
Quadtree (s)

Improved Oriented
Quadtree (s)

Constructing
Quadtree (s)

1 1,026,000 0.581 3.063 1.107 0.515
2 1,760,000 0.864 4.751 1.698 0.694
3 2,417,200 1.152 6.554 2.306 0.905
4 3,137,600 1.325 8.212 2.995 1.182
5 3,538,800 1.489 9.218 3.352 1.331
6 4,016,000 1.629 10.470 3.687 1.427
7 5,388,800 2.010 14.593 5.100 1.897
8 6,235,600 2.136 18.007 5.545 1.947
9 9,267,600 3.687 25.824 8.221 2.829

10 10,776,400 4.102 31.039 9.741 3.515

  
(a) (b) 

Figure 5. Study area: (a) geographical location image of the study area; (b) the seabed topography
corresponding to the selected multibeam swathes. The red star represents the geographical location
of the experimental data on the global map, the red line represents the range of the measurement
area, and the blue line represents the specific location of the measurement area in Figure 5b.

3.1. Analysis of Index Construction and Retrieval Time

Ten selected multibeam swathes are organized on the hard disk using traditional
quadtree, conventional oriented quadtree, and improved oriented quadtree methods to
construct index files, with a segmentation threshold set at 2.5% of the total number of
points in each swath. The time consumption and external storage requirements for the
index construction process using these different methods are calculated and presented in
Table 2, and the number of layers and effective child nodes in the quadtree, generated using
different index construction methods, is shown in Table 3.

The conventional oriented quadtree requires the longest construction time, signifi-
cantly exceeding that of both the traditional quadtree and the improved oriented quadtree.
This time difference becomes more pronounced as the number of point clouds increases.
The incorporation of oriented information results in longer construction times for both
the conventional and improved oriented quadtrees compared to the traditional quadtree,
primarily due to the time-consuming PCA needed to identify the main direction of the
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point cloud. However, the improved oriented quadtree necessitates only one process of
PCA, leading to a substantially reduced construction time compared to the conventional
oriented quadtree.

Table 3. Number of quadtree layers and child nodes under different methods (the bolded part in the
table below represents the number of child nodes).

Swath
Number

Number of Point
Clouds

Traditional
Quadtree (s)

Conventional Oriented
Quadtree (s)

Improved Oriented
Quadtree (s)

1 1,026,000 4/106 3/85 3/85
2 1,760,000 5/120 3/85 3/85
3 2,417,200 5/132 4/101 4/101
4 3,137,600 5/125 4/89 4/89
5 3,538,800 5/125 4/81 4/81
6 4,016,000 5/132 3/85 3/85
7 5,388,800 5/125 4/88 4/88
8 6,235,600 5/123 4/137 4/137
9 9,267,600 6/185 4/125 4/125
10 10,776,400 6/176 5/124 5/124

When considering only the time required to construct the quadtree, i.e., subtracting the
time taken for PCA, the improved oriented quadtree is faster than the traditional quadtree.
A comparative analysis of quadtree structures (Table 3) reveals significant performance
advantages of oriented quadtrees over conventional implementations. For all multibeam
survey lines, the oriented approach demonstrates a 1–2 layer reduction in tree depth and
19.8–35.6% fewer effective child nodes, indicating substantial redundancy reduction in
bounding box generation. This structural optimization directly translates to accelerated tree
construction, with time savings proportional to the child node reduction. In certain special
cases, the distribution of point clouds and the chosen segmentation threshold may cause
the effective number of nodes in the oriented quadtree to exceed that of the traditional
quadtree, as seen in Swath 8. However, since the oriented quadtree has fewer layers than
the traditional quadtree, its construction time remains shorter. Notably, while the improved
oriented quadtree maintains equivalent structural complexity to conventional oriented
implementations in terms of layer depth and node count (last two columns, Table 3), its
computational efficiency gains primarily stem from optimized directional computation
algorithms (the fourth and fifth columns in Table 2). Therefore, for multibeam survey
lines with particularly straight trajectories, the trajectory direction itself can be used as an
alternative to the PCA main direction, significantly reducing the overall tree construction
time for the oriented quadtree.

To verify the performance of the proposed method in point cloud retrieval, the
10th group of multibeam swathes containing over ten million points in Table 2 was selected
to calculate the time consumption under different retrieval ranges, and compared with
the traditional quadtree, conventional oriented quadtree, and traversal methods. The
11 retrieval ranges are illustrated in Figure 6. Except for region 1, all other regions are
rectangular areas originating from points A and B. Region 1 does not intersect with the
survey line, whereas the range from region 2 to 11 gradually increases uniformly until it
includes the entire survey line. The comparison results obtained through querying these
11 regions are shown in Table 4.

As illustrated in Table 4, when the retrieval range does not intersect with the multibeam
swath (region 1 area in Figure 6), the retrieval time based on the quadtree is approximately
0.10 ms, significantly lower than that required for traversal retrieval. As the number of
point clouds increases to half of the total swath, the quadtree demonstrates a considerable
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retrieval advantage over the traversal method. However, as the number of point clouds
within the retrieval range continues to rise, the time required for quadtree indexing gradu-
ally approaches that of traversal retrieval. When retrieving all point clouds (region 11 area
in Figure 6), the traditional quadtree retrieval takes even longer than the traversal method
due to its deeper tree layers and empty child nodes. This issue does not occur with oriented
quadtrees and improved oriented quadtrees, as both methods exhibit a similar time con-
sumption, which is lower than that of the traditional quadtree, particularly when dealing
with a large number of points.

Figure 6. Schematic diagram of different retrieval ranges.

Table 4. Comparison of retrieval time by different methods under different search ranges.

Retrieval
Region Point Number Traditional

Quadtree (ms)
Conventional Oriented

Quadtree (ms)
Improved Oriented

Quadtree (ms)
TRAVERSAL

(ms)

1 0 0.11 0.10 0.10 212
2 1,075,204 53 51 52 241
3 2,176,067 94 79 82 259
4 3,393,547 145 118 118 282
5 4,219,178 192 159 162 315
6 5,003,093 214 173 180 331
7 6,220,027 277 238 233 363
8 7,047,486 311 248 251 378
9 8,021,641 391 321 320 401

10 9,028,699 429 333 335 426
11 10,776,400 456 360 361 453

3.2. Analysis of Internal and External Storage Occupancy

In Section 3.1, the proposed method was applied to organize 10 multibeam swath
point clouds stored on a hard disk. Figure 7a illustrates the size of the original file and
the corresponding index files for each multibeam swath. The organized quadtree in-
dex files in binary format significantly optimize external storage usage, reducing it by
approximately 50%. To examine the memory usage of the proposed method during actual
data retrieval, the 10th multibeam swath in Table 2 was tested, with the designated retrieval
range depicted in Figure 6. A comparison of memory usage between the proposed method
and the traditional full-load approach across 10 typical region-of-interest (ROI) scenarios is
depicted in Figure 7b. The number of points and the memory usage within the specified
search range are presented.
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(a) (b) 

Figure 7. Point cloud file size and memory usage: (a) file size of the original data and corresponding
index files for each multibeam swath; (b) memory usage of the computer within the different retrieval
ranges for the 10th swath in Table 2.

By storing the point cloud data in external storage and constructing a quadtree in-
dex, the conventional full-load mode is discarded in favor of a dynamic region-loading
mechanism. Initially, spatial range retrieval is performed based on a user-defined ROI,
with only the relevant quadtree node data being loaded through internal mapping [40].
After processing, a node evaluation mechanism is triggered, which updates the region’s
position and actively releases node data outside the current ROI range, while incrementally
loading node data that newly falls within the retrieval range. This approach effectively
enables the efficient processing of large-scale point cloud data in memory-constrained
environments. By only loading a subset of the point clouds within the retrieval range into
memory, the index memory usage remains relatively low, enabling the efficient handling of
large quantities of multibeam point cloud data and facilitating the rapid retrieval of points
or regions of interest.

The primary objective of this method is to accelerate large-scale point retrieval by
storing all point clouds solely in leaf nodes while keeping only the relevant child node
information for the root and child nodes. In future research, to address the demands of
point cloud data processing and visualization, existing index file formats will be expanded
to accommodate certain attributes and the topological information of the point clouds.

4. Discussion
4.1. Effects of the Different Segmentation Thresholds

The process of building a quadtree index is closely related to the number of point
clouds and segmentation thresholds, which ultimately affects the time required for build-
ing the tree and point cloud retrieval. The setting of the segmentation threshold will be
influenced by the resolution and density of the point clouds. Therefore, different segmen-
tation thresholds were set to construct indexes for the 10 swathes mentioned above. The
time consumed and the depth of the quadtree layers were then calculated, as shown in
Figure 8 and Table 5, respectively. The time required to build an index increases with the
number of points, gradually decreases with the increase in the segmentation threshold,
and tends to flatten out. At the initial stages of increasing the segmentation threshold, the
tree depth decreases significantly, accompanied by substantial changes in the number of
child nodes. This results in notable variations in quadtree construction time, as shown in
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the time consumption for segmentation thresholds between 1% and 2% in Figure 8. As the
segmentation threshold continues to increase and reaches a certain point, the tree depth
stabilizes. At this stage, the small differences in the number of generated child nodes lead
to relatively minor variations in construction time, as illustrated by the time consumption
for thresholds between 3% and 5% in Figure 8.

Figure 8. Time consumption for index construction with different thresholds for the 10 swathes.

Table 5. Number of quadtree layers and child nodes under different segmentation thresholds (the
bolded part in the table below represents the number of child nodes).

Swath
Number

Number of
Point Clouds

1% of Total
Point Clouds

2% of Total
Point Clouds

3% of Total
Point Clouds

4% of Total
Point Clouds

5% of Total
Point Clouds

1 1,026,000 4/304 3/100 3/84 3/80 3/72
2 1,760,000 4/292 3/92 3/84 3/80 3/68
3 2,417,200 4/300 3/104 3/84 3/80 3/64
4 3,137,600 4/288 4/140 3/84 3/80 3/60
5 3,538,800 4/280 4/172 3/80 3/68 3/64
6 4,016,000 4/280 4/156 3/84 3/76 3/56
7 5,388,800 5/266 4/179 3/71 3/68 3/64
8 6,235,600 5/255 4/171 3/88 3/64 3/60
9 9,267,600 5/251 4/183 4/80 3/64 3/64
10 10,776,400 5/270 4/186 4/111 3/67 3/55

The 10th multibeam swath in Table 2 was also selected to examine the retrieval times
under different segmentation thresholds (Figure 9). When the number of retrieved point
clouds is small (less than half of the total points), the retrieval time increases significantly
between the 1% and 3% threshold, after which it levels off. As the number of retrieved
point clouds increases (exceeding half of the total number of points), the overall retrieval
time curve shows a jumping growth, and rapidly increases between the 3% to 4% threshold.
However, when the retrieval range fully encompasses the root node’s oriented bounding
box, a smaller segmentation threshold results in more nodes and files, leading to an
increased retrieval time (as shown by the brown line in Figure 9).

The analysis of the quadtree construction times under different thresholds and the
retrieval times for different thresholds also reveals a significant phenomenon: as the thresh-
old decreases, the quadtree construction time increases, while retrieval times for different
ranges decrease. Specifically, the smaller, more finely partitioned nodes allow for the
quicker and more precise location of the point cloud data within a given region of interest,



Remote Sens. 2025, 17, 2039 14 of 18

leading to decreased retrieval times. Conversely, as the threshold increases, the changes
in construction time diminish due to smaller variations in the number of tree layers and
child nodes, and retrieval times for different ranges tend to stabilize. Therefore, selecting
an appropriate segmentation threshold is crucial when dealing with large quantities of
multibeam bathymetric point clouds. A carefully chosen threshold can greatly reduce the
time needed to construct the index and simultaneously decrease retrieval times, thereby
optimizing the overall processing efficiency. This balance between construction and re-
trieval performance is essential for practical applications where both speed and accuracy
are paramount.

Figure 9. Time consumption for point cloud retrieval with different thresholds.

4.2. Combining Multi-Threading Technology for Multiple Swathes

In practical retrieval operations, it is common to perform localized point cloud searches
spanning multiple adjacent swathes (i.e., survey lines). When the retrieval region covers
multiple overlapping or non-overlapping swathes, the system must independently query
point cloud data from each individual swath within the spatial range. This sequential
processing approach results in a linear accumulation of retrieval times, where the total
execution duration equals the sum of processing times for all involved swathes. Such a
methodology becomes particularly inefficient when handling large-scale marine survey
datasets containing dozens or hundreds of swathes, significantly hindering real-time
processing capabilities and scalability.

To overcome this performance bottleneck, we implement a parallel computing strategy
leveraging multi-threading technology. Specifically, our solution employs Qt’s advanced
thread pool framework to orchestrate concurrent retrieval tasks across multiple swathes [41].
More than 50 multibeam survey lines (over 200 million points) in the Nanji Island area were
used to further verify the effectiveness of our method for large-scale data indexing and
retrieval processing. The specific multibeam seabed point clouds are shown in Figure 10.
Firstly, the time required for constructing the point cloud index was calculated. Without
multi-threaded acceleration, constructing the index for more than 50 multibeam swath
point clouds took 135 s. With multi-threaded processing, the construction time was reduced
to 51 s, representing a time reduction of approximately 60%.

Then, for large-scale cross-band multibeam point cloud data retrieval, five regions
were selected (Figure 10). Regions 1 to 5 gradually expanded in area from points A and B,
with the number of survey lines covered increasing sequentially. The number of survey
lines in the retrieval region, the number of point clouds within the region, and the time
consumption for multi-threaded and single-threaded retrieval are shown in Table 6.
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Figure 10. Retrieve regions with different numbers of swathes.

Table 6. Comparison of retrieval time under different search ranges.

Retrieval
Region

Number of
Coverage Swathes

Point
Number

Multi-Threaded Time
Consumption (ms)

Conventional Time
Consumption (ms)

Improve
Efficiency

1 5 3,509,194 163 200 18%
2 8 5,582,571 167 271 38%
3 13 9,001,712 207 431 52%
4 25 18,365,086 359 890 60%
5 39 32,956,272 641 1575 60%

As Table 6 indicates, when the number of survey lines covered by the retrieval region
does not exceed 12 processor threads (in region 1 and region 2), the multi-thread time con-
sumption increases slightly with the number of survey lines, while the single-thread time
consumption increases significantly. Exceeding the number of threads on the processor (in
region 3–5), multi-threaded processing reveals its advantage through efficient resource uti-
lization, and though thread scheduling and queuing delays occur when exceeding hardware
concurrency limits, the optimized parallelization achieves approximately 60% reduction in
processing time compared to single-threaded execution.

Then, six regions (see Figure 11a) were selected to verify the effectiveness of the
proposed method for overall region retrieval, with regions 1–6 gradually increasing in area
from points A and B. The number of point clouds in each region increased sequentially,
with the total number of points reaching approximately 200 million. The time consumption
for multi-threaded and single-threaded retrieval is shown in Figure 11b. The results
indicate that as the number of retrieved points increases, the time-saving advantage of
multi-threaded retrieval becomes more evident, achieving a maximum time reduction of
approximately 61% compared to single-threaded retrieval.

The experimental results confirm the effectiveness of multi-threading in practical data
processing, particularly for large-scale point cloud indexing and retrieval. This optimiza-
tion proves especially impactful for large-area seabed mapping projects where datasets
frequently encompass hundreds of overlapping swathes. The threading architecture not
only enhances operational efficiency but also establishes a foundation for real-time process-
ing applications such as underwater obstacle detection and bathymetric change monitoring.
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(a) (b) 

Figure 11. Points retrieval for multiple swathes: (a) retrieval regions; (b) retrieval time.

5. Conclusions
This article presents a new method to organize large quantities of multibeam point

clouds based on an improved oriented quadtree structure, which considers the swath-
shaped characteristics of multibeam bathymetric point clouds. The method proposed in
this article is applicable to different densities of multibeam swath point clouds and irregular
depth measurement surfaces. Inspired by out-of-core technology, the proposed approach
organizes and stores the original multibeam swath points with an improved oriented
quadtree structure and a defined binary index file on a hard disk, respectively. To further
improve the efficiency of our method, memory mapping and multi-thread techniques are
also employed to read the point clouds from the index file. Experimental data demonstrate
that the proposed method effectively resolves the challenges of storing large quantities
of multibeam bathymetric points in limited memory and mitigates lag caused by storage
issues. Moreover, our method achieves higher retrieval efficiency for points within the
interest region when compared with the traditional methods.

However, the current method primarily focuses on enhancing point retrieval efficiency.
The approach proposed in this paper is particularly well suited for multibeam swath
point clouds with inherent directional characteristics. When the principal direction of the
multibeam swath is aligned parallel to the axis, traditional quadtree structures are more
appropriate for organization and management. In future work, determining the main
orientation of the multibeam swath will be crucial for enhancing the method’s general
applicability. Additionally, for multibeam swathes exhibiting significant redundancy in
the oriented bounding box (the trajectory line is an arc), it will be necessary to preprocess
the data using alternative data structures before constructing an oriented quadtree. Finally,
to enable the efficient editing, computation, and visualization of large-scale point clouds,
enhancements to the index file, including the integration of point attributes and topology
information, are also required.
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